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Abstract—We propose the visual tracker sampler, a novel tracking algorithm that can work robustly in challenging scenarios, where

several kinds of appearance and motion changes of an object can occur simultaneously. The proposed tracking algorithm accurately

tracks a target by searching for appropriate trackers in each frame. Since the real-world tracking environment varies severely over time,

the trackers should be adapted or newly constructed depending on the current situation, so that each specific tracker takes charge of a

certain change in the object. To do this, our method obtains several samples of not only the states of the target but also the trackers

themselves during the sampling process. The trackers are efficiently sampled using the Markov Chain Monte Carlo (MCMC) method

from the predefined tracker space by proposing new appearance models, motion models, state representation types, and observation

types, which are the important ingredients of visual trackers. All trackers are then integrated into one compound tracker through an

Interacting MCMC (IMCMC) method, in which the trackers interactively communicate with one another while running in parallel. By

exchanging information with others, each tracker further improves its performance, thus increasing overall tracking performance.

Experimental results show that our method tracks the object accurately and reliably in realistic videos, where appearance and motion

drastically change over time, and outperforms even state-of-the-art tracking methods.

Index Terms—Object tracking, abrupt motion, severe appearance change, interacting Markov Chain Monte Carlo, visual tracker sampler,

visual tracking decomposition

Ç

1 INTRODUCTION

VISUAL object tracking is a well-known problem in the
computer vision community. Recently, numerous

researchers have addressed the problem in real-world sce-
narios rather than in a lab environment [1]. In this scenario,
tracking an object is highly challenging because the sce-
nario typically includes severe appearance or motion
changes of the object. Appearance changes include geomet-
ric and photometric variations of an object, such as occlu-
sion, pose, or illumination changes. Severe motion changes
usually occur when a video has a low frame rate or when
an object moves abruptly. To track the object robustly in
aforementioned scenario, several tracking methods pro-
posed advanced appearance and motion models [2], [3],
[4], [5], [6], [7], [8], [9], [10], [11], [12], [13], [14], [15], [16],
[17]. However, these methods are insufficient to cope with
the complicated real-world tracking environment. To deal
with all possible changes of an object simultaneously,
tracking methods require more complex appearance and
motion models, and should adopt more complex state
representation and observation types. Moreover, given that
the tracking environment severely varies from frame to
frame, trackers should not be fixed, but should be dynami-
cally generated depending on the current tracking environ-
ment. This paper thus focuses on how to design the
complex models efficiently, how to construct the

appropriate trackers automatically and how to integrate
the constructed trackers for successful tracking under chal-
lenging real-world scenarios. Fig. 1 shows the tracking
results of our method in the real-world tracking
environment.

The philosophy of our method is to use multiple basic
trackers instead of a single complex tracker to solve combi-
natorial and realistic tracking problems. In multiple basic
trackers, a tracker is only robust to a specific type of changes
in the object. However, because each tracker takes charge of
a different type of changes, the trackers as a whole can cover
various object changes at the same time, by communicating
with each other, as illustrated in Fig. 2. For the communica-
tion, we introduce Interacting Markov Chain Monte Carlo
(IMCMC) technique [18] , which comprises multiple interac-
tive chains. In our tracking system, one chain corresponds
to one basic tracker. Although each basic tracker is simple,
by allowing the exchange of information among basic track-
ers with unique advantages, our tracking method efficiently
fuses all the complementary advantages.

In this case, the multiple basic trackers are constructed
by extracting the basic distinctive components of appear-
ance model, motion model, state representation type, and
observation type of a tracker. We call the process of deter-
mining these basic components as visual tracking decomposi-
tion (VTD). We obtain the basic components of the
appearance model using the sparse principal component
analysis (SPCA) [19] to determine object models that com-
prise different feature combinations, Each object model is
then mapped to a basic component of the appearance
model. To obtain the basic components of the motion
model, our method summarizes motion vectors produced
by a moving object into a few representative clusters using
the k-harmonic means (KHM) method [20]. Each basic
component of the motion model is then modeled by the
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Gaussian function with the mean as the center of each clus-
ter. For the basic components of the state representation
type, the method represents the target as a mixture of mul-
tiple fragments, which are obtained by the vertical projec-
tion of edge (VPE) [21]. A different mixture of multiple
fragments subsequently produces a different basic compo-
nent of the state representation type. Finally, the method
exploits several different observations using the Gaussian
filter bank (GFB) [22], where a different observation indi-
cates a different basic component of the observation type.

The second philosophy of our method is that the basic
trackers can be constructed probabilistically, as illustrated
in Fig. 3a. Using sampling methods, the trackers themselves
are sampled, as well as the states of the targets. We call the
process of sampling trackers as visual tracker sampler (VTS).
In our framework, a sample represents information not only
about a proposed state, but also about a proposed tracker.
During the sampling process, our method obtains multiple
trackers and their states as samples and then determines
whether they will be accepted. By choosing an accepted
sample that gives the highest value for the conditional maxi-
mum a posteriori (CMAP) estimate, the method simulta-
neously finds a highly possible tracker and a highly
possible state, with the former indicating the best tracker for
the target and the latter denoting the best state where the
target might be located.

The main contributions of our work are as follows:

� The visual tracking decomposition framework is
proposed [9], wherein we address and provide an
efficient solution for combinatorial and realistic
tracking problems. We test our method using uncon-
strained videos obtained from broadcast networks,

such as music concerts, sports events, or documenta-
ries. In these videos, our method obtained more
accurate and reliable tracking results compared
with state-of-the-art tracking algorithms. Our
tracker is designed in a more sophisticated manner
by completely describing the real-world environ-
ment. To design trackers, we fully consider four
important ingredients of the Bayesian tracking
approach, which are the appearance model, motion
model, state representation type, and observation
type, thereby making the trackers robust against a
wider range of variations, including occlusions, illu-
mination changes, abrupt motions, severe noise,
and motion blur. Using these components, our
method constructs multiple basic trackers and inte-
grates them into one robust compound tracker while
interactively improving the performance of all basic
trackers.

� The visual tracker sampler framework is proposed
[23]. VTS is the superset of the VTD, as shown in
Fig. 5. Although VTD employs multiple trackers, the
number of trackers are predefined by a user. On the
other hand, VTS can replace current trackers by new
sampled trackers during the tracking process and
can change the total number of trackers by adding
good trackers and removing bad or redundant ones,
as illustrated in Fig. 3b. This cannot be accomplished
by VTD. If severe appearance or motion changes
occur, the method increases the number of trackers
and spends more resources to track the target. If not,

Fig. 3. Secondary advantage of our method using VTS (a) The figure describes our four-dimensional tracker space, in which the axes are the appear-
ance model, motion model, state representation type, and observation type. A tracker is determined by sampling a point in the tracker space, where
each circle represents a different tracker. (b) Compared with conventional tracking approaches that always use a fixed number of trackers over time,
our method chooses appropriate trackers during the tracking process for the robust tracking of the object. In our approach, the number of trackers
changes adaptively depending on the degree of difficulty in tracking the target.

Fig. 1. Example of our tracking results in the skating1L sequence. Our
tracking algorithm successfully tracks a target even though there
are severe pose variations, abrupt motions, occlusion, and illumination
changes combinatorially.

Fig. 2. Primary advantage of the proposed method using VTD A single
tracker has difficulty in covering several appearance and motion
changes at the same time. We successfully cover these changes in our
multiple-tracker approach, where each tracker deals with a specific type
of object change.
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the method decreases trackers and saves resources.
This process can be achieved because our framework
allows the addition or removal of a tracker itself. By
doing this, our method reduces computational costs
compared with conventional methods, which always
utilize a fixed number of trackers or samples. Addi-
tionally, our trackers evolve toward reflecting the
target characteristic over time. The components and
parameters comprising the trackers adaptively
change during the tracking process by learning mul-
tiple cues in the video, thereby improving tracking
accuracy significantly in the real-world tracking
environment.

� We present a rigorous derivation of why our frame-
work achieves better tracking performance. We
prove that, compared with any single tracker, utiliz-
ing multiple trackers provides better average predic-
tive ability, as measured by a logarithmic scoring
rule (Theorem 1 in Section 3.2). Additionally, we ver-
ify that, using the parallel interacting Markov Chains
in our framework, the samples from several decom-
posed posterior probabilities are fair samples from
the original target posterior probability (Theorem 2
in Section 5.3).

This paper is organized as follows. Section 2 intro-
duces related works, and Section 3 explains the
decomposition of Bayesian tracker. Sections 4 and 5
then present the tracker and state sampling process,
respectively. Section 6 provides the experimental
results. Section 7 discusses the conclusions.

2 RELATED WORKS

Tracking methods for the real-world tracking problem: Ross et al.
[13] proposed an adaptive tracking method that shows
robustness to large changes in pose, scale, and illumination
via incremental principal component analysis. The online
multiple instance learning algorithm [2] successfully
tracked an object in real time where lighting conditions
change and object occlusion occurs. Compared with these
two works, we address more challenging scenarios for the
tracking problem utilizing unstructured videos captured
from broadcast networks.

Tracking methods using multiple trackers: Badrinarayanan
et al. [24] employed a novel randomized template tracker
and a constant color model-based particle filter. Santner
et al. [14] combined three different trackers in a cascade
using the tracking-by-detection approach. Leichter et al.
[25] proposed a probabilistic framework for combining
multiple trackers, where each tracker outputs a probabil-
ity density function of the tracked state. Siebel and May-
bank [26] combined three trackers, which are Active
Shape Tracker using a PCA-generated model of pedes-
trian outline shapes, a Region Tracker, featuring region
splitting and merging for multiple hypothesis matching,
and Head Detector to aid in the initialization of tracks.
Zhong et al. [27] successfully tracked a single target with
multiple trackers by simultaneously inferring the most
likely object position and the accuracy of each tracker. Li
et al. [28] presented a disagreement-based approach to
combine existing well-developed tracking methods, which

themselves demonstrate intrinsic variations due to their
design differences. However, the number and types of
trackers used in these methods are predefined by a user.
On the other hand, our method can replace current track-
ers with newly sampled ones during the tracking process
and change the total number of trackers automatically by
adding good ones and removing the bad or redundant
ones in a principled way. To the best of our knowledge,
our method is the first attempt to define tracker space and
sample trackers directly in this space.

Tracking methods with feature fusion: Collins et al. [29]
used multiple features and selected robust ones through an
online feature-ranking mechanism to deal with changing
appearances. Han et al. [30] presented a probabilistic sen-
sor fusion technique. The method shows robustness to
severe occlusion, clutter, and sensor failures. The method
in [31] integrates multiple cues, edge, and color in a proba-
bilistic framework while the method in [32] fuses multiple
observation models with parallel and cascaded evaluation.
However, these methods do not consider extreme motion
changes of an object. Additionally, only information
related to target appearance are considered to improve
tracking performance. In comparison, our method exploits
useful information both on the target motion and target
representation.

Sampling-based tracking methods: In terms of sampling-
based tracking approaches, the particle filter developed by
Isard and Blake [33] showed good performance in tracking
targets by solving the non-Gaussianity and multi-modality
of the tracking problem. Markov Chain Monte Carlo
(MCMC) based methods were proposed by Khan et al. [34]
and Zhao and Nevatia [35] to reduce the computational cost
especially in a high-dimensional state space. As the number
of chains increases, however, these methods need more
samples as many times as the number of chains. Our
method solves this problem by utilizing IMCMC, which
requires a relatively small number of samples by exchang-
ing information between chains. Moreover, conventional
sampling methods only consider the uncertainty of the tar-
get state given a fixed tracker. By sampling the trackers
themselves, our method accounts for the uncertainty of the
tracker as well as the state.

3 DECOMPOSITION OF BAYESIAN TRACKER

3.1 Four Ingredients of a Bayesian Tracker

The visual tracking problem is efficiently formulated as
Bayesian filtering. Given the state at time t and the observa-
tion up to time t, the Bayesian filter updates the posteriori
probability pðXt jY1:tÞwith the following formula:

pðXt jY1:tÞ / pðYt jXtÞ
Z
pðXt jXt�1ÞpðXt�1 jY1:t�1ÞdXt�1;

(1)

comprising four important ingredients.

� Appearance model (At): pðYtjXtÞ describes the appear-
ance of a target at time t while measuring the coinci-
dence of the target appearance and observation at
the proposed state.
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� Motion model (Mt): pðXt jXt�1Þmodels the character-
istic of the target motion at time t by predicting the
next state Xt based on the previous state Xt�1.

� State representation type (St): Xt designs the target
configuration at time t, which is typically called the
state.

� Observation type (Ot): Yt denotes visual cues in the
video at time t.

These ingredients form the sets: At¼fAiji ¼ 1; . . . ; jAtjg,
Mt¼ fMiji ¼ 1; . . . ; jMtjg, St ¼fSiji ¼ 1; . . . ; jStjg, and Ot ¼
fOiji ¼ 1; . . . ; jOtjg, where At, Mt, St, and Ot indicate the
set of appearance models, motion models, state representa-
tion types, and observation types at time t, respectively,
and j � j indicates cardinality of the set. Ai, Mi, Si, and Oi

denote the ith component of At, Mt, St, and Ot, respec-
tively. The ith tracker at time t, Ti

t is then constructed by
choosing a specific component of appearance model Aj,
motion model Mk, state representation type Sl, and observa-
tion type Om from the sets, At, Mt, St, and Ot, respectively.
Hence, we derive Ti

t ¼ ðA
j;Mk; Sl;OmÞ. In a similar manner,

our method finally creates the jTtj number of trackers at
time t, Tt ¼ fTi

tji ¼ 1; . . . ; jTtjg by fully associating the four
ingredients in the sets, as illustrated in Fig. 4, where
jTtj ¼ jAtj � jMtj � jStj � jOtj.

3.2 Decomposed Posterior Probability

Using the aforementioned ingredients, the original poste-
rior probability in (1) can be efficiently estimated by the
weighted linear combination of the decomposed poste-
rior probabilities, which depends on the ith tracker,
Ti
t ¼ ðAj; Mk; Sl;OmÞ:

pðXt jY1:tÞ �
XjTtj

i¼1

p
�
Ti
t jY1:t

�
p
�
Xt jTi

t;Y1:t

�
; (2)

where pðXt jTi
t;Y1:tÞ represents the ith decomposed posteri-

ori probability, and pðTi
t jY1:tÞ indicates its weight.

Compared with a direct estimation of the posterior
probability, the decomposition strategy in (2) produces
better performance under the following logarithmic scor-
ing criterion.

Theorem 1 Averaging the decomposed posterior probabilities is
optimal under the logarithmic scoring criterion in [36]:

E log
XjTtj

i¼1

p
�
Ti
t jY1:t

�
p
�
Xt jTi

t;Y1:t

�( )" #
� E log pðXt jY1:tÞ½ �;

(3)

for any distribution pðXt jY1:tÞ where the expectation is with
respect to

PjTt j
i¼1 pðTi

t jY1:tÞpðXt jTi
t;Y1:tÞ.

Proof. Inequality follows from the non-negative property of
the Kullback-Leibler information divergence.1 tu
Then, to decompose the posterior probability efficiently

while reflecting various changes in visual tracking, each
decomposed posterior probability pðXt jTi

t;Y1:tÞ should be
conditioned on the tracker, Ti

t, which runs robustly in the
current tracking environment. The next section explains
how we obtain the set of trackers and use them to identify
the best target state.

3.3 Conditional Maximum a Posteriori Estimate

Our method determines the best state of the target, X̂t,
at time t using the Conditional Maximum a Posteriori
estimate:

X̂t 	 arg max
Xt

pðXt jTt;Y1:tÞ: (4)

The posterior probability in (4) is conditioned on the set
of trackers, Tt. Thus, we should search all possible trackers
and their states to obtain the CMAP estimate. However, this
task is unfeasible because the search space is drastically
large and high dimensional.

We solve this problem by approximately estimating the
posterior probability in (4) with the samples of trackers and
states. To do this, our method first obtains the samples of
trackers and then uses them to determine samples for states.
Among these sampled states, our method chooses the best
one X̂t, which provides the highest value on (4). The
remaining tasks are to obtain samples of trackers (tracker
sampling process in Section 4) and states (state sampling
process in Section 5) simultaneously. Fig. 5 describes the
general procedure of our method.

Fig. 4. Multiple basic trackers Different associations of the four ingre-
dients in the sets produce different basic trackers.

1. The decomposition strategy of the posterior probability is directly
related to the Bayesian Model Averaging approach in [37].

Fig. 5. General procedure of our method The trackers are constructed
by sampling. These trackers are then operated in parallel and interac-
tively. Samples of the target state are then obtained utilizing the trackers.
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4 TRACKER SAMPLING PROCESS

This section describes how tracker samples are obtained.
Sampling a tracker can be viewed as sampling of its basic
ingredients, as illustrated in Fig. 4. During sampling, the
basic ingredients should be considered together because
they are inter-related. Notably, however, considering all
ingredients at the same time is intractable. Thus, in our
work, we use the Gibbs sampling strategy, through which
we determine one ingredient at a time, whereas other ingre-
dients are fixed on the best ones. To determine each ingredi-
ent properly, our sampler considers the following aspects:
The sampler chooses the required basic components of
ingredients by accepting the ones that help track the target
under the current environment, while avoiding unnecessar-
ily complex components of ingredients through the accep-
tance ratio. The sampler thereby maintains the number of
basic components of ingredients as small as possible and
provides good performance in terms of scalability. Addi-
tionally, to find good models or types efficiently in the
extremely vast tracker space and to reduce convergence
time, the sampler utilizes the proposal that sufficiently
exploits underlying cues in the video.

4.1 State Representation Type

Proposal step. A state representation type should be designed
to preserve the targets spatial information while also cover-
ing its geometric variations to some degree. Our sampler
thus represents the target as a combination of multiple frag-
ments. The ith state representation type is then defined by:

Si 	 Xt ¼
�
BB;Maskit

�
; (5)

where xt, yt, and st indicate the x, y center position and scale
of the bounding box of the target, respectively. In (5), the
bounding box described by BB ¼ fxt; yt; stg is divided into
several fragments using the ith mask, Maskit. The mask com-
prises vertical sub-indices of the bounding box, Maskit ¼
fvjjj ¼ 1; . . . ; jMaskitjg, which indicate the vertical positions
where the bounding box should be divided horizontally.
Using this mask, our sampler produces an jFi

tj number of
image fragments, Fi

t ¼ ffjjj ¼ 1; . . . ; jMaskitj þ 1g, by divid-
ing the bounding box horizontally at each vertical sub-index,
vj. Then, the state representation type in (5) includes the con-
figuration of the bounding box, xt, yt, and st, together with
configurations of the fragments inside the bounding box, vj
for j ¼ 1; . . . ; jMaskitj. Fig. 6a shows the process of dividing

the bounding box into multiple fragments. In the process,
our method first achieves the vertical sub-index vj, which
corresponds to the position of a mode in the edge strength
distribution obtained by the vertical projection of edge [21].
The vertical sub-indexes are normalized to have a value
ranging from 0 to the height of the bounding box. The bound-
ing box is then divided horizontally at the vertical positions
of the normalized sub-indexes. While dividing the bounding
box of the target into several small fragments, the VPE
exploits local color information of the target, because the
VPE uses the edge strength. The edge strength is very high
where neighbor local regions are represented by very differ-
ent colors. Notably, local color information in each fragment
also encodes the spatial information of the target. Empiri-
cally we observed that VPE model is simple yet gives better
performance in handling deformation than other bounding
box partitioning approaches like horizontal projection of
edge (HPE), VPE+HPE, and [38].

The randomly chosen type Si is then added into St by the
proposal function, QSðS
t ; StÞ, which proposes the new set
of state representation types, S
t :

S
t � QSðS
t ; StÞ ¼ St
[

Si: (6)

To remove a type from the current set, the sampler ran-
domly selects a type, and proposes a new set that does not
include itself:

S
t � QSðS
t ; StÞ ¼ St=S
i: (7)

Acceptance step. Given the proposed set of state represen-
tation types, S
t , our sampler decides on acceptance or rejec-
tion using the acceptance ratio. This ratio is designed so that
the state representation types in S
t reduces target appear-
ance variations for the most recent five frames:

aS ¼ min 1;
pðS
t jXt;Y1:tÞQðSt; S
t Þ
pðSt jXt;Y1:tÞQðS
t ; StÞ

� �
;

where� log pðS
t jXt;Y1:tÞ

/
XjS
t j
i¼1

XjFitj
j¼1

VARðfjÞ þ �S logjS
t j:

(8)

In (8), VARðfjÞ returns variance of the jth image fragment,
fj, for the most recent five frames; logjS
t j prevents the set S
t
from having large numbers of state representation types;
and �S is the weighting parameter.

Fig. 6. Candidates of the state representation type and observation type Candidates of the state representation type and observation type are made
via VPE and GFB, respectively.

1432 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 36, NO. 7, JULY 2014



4.2 Observation Type

Proposal step. Biological evidence shows that the human
visual system uses the response of multiple filters called the
filter bank to observe visual information. Similarly, more
robust observation types can be achieved using the Gauss-
ian filter bank [22], as shown in Fig. 6b. The ith observation
type is constructed by the convolution between image It
and the Gaussian distribution with mean fxt; ytg and vari-
ance S

2
i for all fxt; ytg of Xt:

Oi 	 Yt ¼ It 
G
�
fxt; ytg;S2

i

�
; 8fxt; ytg; (9)

where Si is selected randomly from the uniform distribu-
tion, U ½0; 10�, in a component-wise manner for xt and yt.

The randomly chosen type Oi is inserted into Ot by the
proposal function, QOðO
t ; OtÞ, which proposes the new set
of observation types, O
t :

Ot

 � QOðO
t ; OtÞ ¼ Ot

[
Oi: (10)

To remove a type from the current set, the sampler ran-
domly selects a type, and proposes a new set that does not
include itself:

Ot

 � QOðO
t ; OtÞ ¼ Ot=O

i: (11)

Acceptance step: The acceptance ratio is designed so
that the response of observation types in Ot


 become
more similar among foreground images, but more differ-
ent between foreground and background images for the
most recent five frames. Foreground and background
images are obtained by cropping images within and
around the bounding box of the target, respectively. The
acceptance ratio is then defined by:

aO ¼ min 1;
p
�
O
t jXt;Y1:t

�
Q
�
Ot; O



t

�
p
�
Ot jXt;Y1:t

�
Q
�
O
t ; Ot

�
" #

;

where� log p
�
O
t jXt;Y1:t

�

/
PjO
t j

i¼1

Pt�1
j;k¼t�5 DD

�
fij;f

i
k

�
PjO
t j

i¼1

Pt�1
j;k¼t�5 DD

�
fij;c

i
k

�þ �O log jO
t j;

ð12Þ

where �O is the weighting parameter; and fij and ci
k repre-

sent the foreground and background image of the ith obser-
vation type at times j and k, respectively. In (12), the

DDðfij;ci
kÞ function [39] returns the diffusion distance

between fij and ci
k.

4.3 Appearance Model

Proposal step: An appearance model should cover most
appearance changes of the target. Such a model can be effi-
ciently obtained by sparse principal component analysis.
SPCA finds several sparse principal components, each of
which is composed of a mixture of templates that describe
the target appearance, as shown in Fig. 7a. In this paper, we
employ the mixture of template model for object representa-
tion. For this model, we define set Zt, as expressed below,
which consists of different types of feature templates of an
object up to time t:

Zt ¼
�
znm jm ¼ 1; . . . ; t; n ¼ 1; . . . ; u

�
; jZtj ¼ tu; (13)

where znm denotes the nth type of the feature template at
time m, and jZtj indicates the total number of feature tem-
plates in Zt. In (13), the different types of feature templates
znm are obtained using different types of feature extractors
FEn for the image patch YtðX̂mÞ at each time:

znm ¼
FEnðYtðX̂mÞÞ
kFEnðYtðX̂mÞÞk

;m ¼ 1; . . . ; t; n ¼ 1; . . . ; u; (14)

where YtðX̂mÞ represents the image patch at time m, which
is described by X̂m in (4); and FEn indicates the feature
extractor for obtaining the nth type of the feature template.

An appearance model takes one subset of Zt as its own
object model �it at time t:

�it � Zt: (15)

Then, the appearance model is determined by

Ai 	 pðYt jXtÞ ¼ exp�gDDðYtðXtÞ;�itÞ; (16)

where g denotes the weighting parameter, and YtðXtÞ indi-
cates the image patch described by Xt. In (16), the DD func-
tion returns the diffusion distance between YtðXtÞ and �it at
time t. We utilize diffusion distance as a dissimilarity mea-
sure because it is robust to the deformation and quantization
effects of the observation [39]. Given that the object model �it
comprises multiple templates, DDðYtðXtÞ; �itÞ is computed
as the sum of the dissimilarity between the image patch

Fig. 7. Candidates of the appearance and motion models We make candidates of the appearance model and motion model utilizing SPCA and KHM,
respectively.
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YtðXtÞ and each template in �it. To complete the design of the
appearance model, the remaining task is to obtain a subset of
Zt as an object model �it, which is efficiently performed by
the SPCA method.

Note that the appearance model is inter-related to the state
representation and the observation types. To deal with this
inter-relation, we use the Gibbs sampling strategy, where
the state representation and the observation types are fixed
to the best ones during the sampling of appearance models:

pðYt jXtÞ ¼
YjF̂tj
m¼1

exp
�g

DDðŶt ð̂fmÞ;�itÞ
jF̂t j ; (17)

where F̂t denotes the best set of fragments for the state
representation type, f̂m indicates the mth fragment in the
best set, and Ŷt represents the best observation type. Using
(17), the final likelihood is obtained by averaging the likeli-
hoods of all fragments, where the likelihood of each frag-
ment is calculated by measuring the diffusion distance
between the best observation of the fragment Ŷtð̂fmÞ and the
object model �it .

Three conditions for the object model �it are considered
to be ideal in terms of tracking performance and effi-
ciency. The first condition is that �it has to cover most
appearance changes in an object over time. The second
condition is that the formation of the object model should
be as compact as possible, while preserving good perfor-
mance. The last condition is that the relations among
other object models should be complementary. To satisfy
all of these conditions, our method adopts the SPCA
method to construct �it. Given a Gramian matrix At, the
original SPCA method [19] seeks out sparse principal
components c, which only have a limited number of non-
zero entries, while capturing a maximum amount of vari-
ance, as expressed by

maximize cTGtc� rjcj2subject to kck2 ¼ 1; (18)

where jcj is the number of nonzero entries in c, and r con-
trols the penalty on the nonzero entries of c. As the r value
increases, we have more sparse principal components c. For
our tracking problem, the Gramian matrix Gt at time t is
constructed as:

Gt ¼ gT g;
g ¼

�
z1

1 . . . z1
t . . . zu1 . . . zut

�
;

(19)

where the size of Gt is jZtj � jZtj because the column size
of the matrix g is jZtj. Although g in (19) includes all
templates from the beginning of the sequence to the cur-
rent frame, we utilize only recent five frames to con-
struct the matrix G. This is similar to the concept of the
forgetting factor in [13], which can be used to down-
weight the effect of earlier observations. Empirically, we
found that recent five frames were sufficient to give a
satisfactory tracking performance in most cases.

With conventional convex optimization tools [19], we can
efficiently obtain the approximate principal components c in
(18). Each principal component then composes each object
model �it in (15) as follows:

�it ¼
�
znm j znm ¼ gðxÞ; ciðxÞ 6¼ 0

�
: (20)

If the xth element of the ith principal component ci has a
nonzero value, the ith object model �it includes the tem-
plate znm located at the xth column of the matrix g in (19).
Hence, each object model captures significant appearance
changes in an object because each model is constructed
by each significant eigenvector. The sparsity of the eigen-
vector gives compactness to the model while making it
have a small number of templates. Because the eigenvec-
tors have an orthogonal property, the object models have
a complementary relationship with one another.

As the last step, the proposal function, QAðA
t ; AtÞ choo-
ses a new model Ai with a higher eigenvalue. The new
model is then added into At, suggesting a new set of
appearance models, A
t :

A
t � QAðA
t ; AtÞ ¼ At

[
Ai: (21)

To remove a model from the current set, the sampler ran-
domly selects a model, and proposes a new set that does
not include itself:

A
t � QAðA
t ; AtÞ ¼ At=A
i: (22)

Acceptance step. Our sampler accepts the proposed set of
appearance models, A
t , with high probability if the appear-
ance models in A
t produce higher likelihood scores than
those in At at the CMAP state, X̂t, for the most recent five
frames, in which the CMAP state at time t found by (4) indi-
cates the best state of the target at time t:

aA ¼ min 1;
p
�
A
t jX̂t;Y1:t

�
Q
�
At; A



t

�
p
�
AtjX̂t;Y1:t

�
Q
�
A
t ; At

�
" #

;

where� log pðA
t jX̂t;Y1:tÞ

/
XjA
t j
i¼1

Xt�1

j¼t�5

DD
�
YjðX̂jÞ; �it

�
þ �Alog jA
t j:

(23)

In (23), YjðX̂jÞ indicates the observation at the MAP state,
X̂j at time j, and �A is the weighting parameter.

4.4 Motion Model

Proposal step. A motion model has to describe the represen-
tative characteristics of the target motion over time. This
model is efficiently found by the k-harmonic means
method, where KHM is known to be insensitive to the ini-
tialization [20]. The data, Dt, for KHM is acquired by gath-
ering motion vectors between two consecutive states on
the Markov Chain, except where the consecutive states are
same. Our method obtains several motion vectors per frame
and during the most recent five frames. In Fig. 7b, the
arrows represent motion vectors and the colored circles
denote the end point of those motion vectors. The KHM
clusters these vectors and finds the representative vectors,
which are represented by white circles. The number of clus-
ters, K, is equal to the number of our motion models, which
is automatically determined during the tracking process
using the following proposal functions in (25), (26) and the
following acceptance ratio in (27).
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By selecting the ith cluster center, Si ¼ ½sxi ; s
y
i ; s

s
i �
T of Dt,

the ith motion model is constructed as:

Mi 	 p
�
X
t jXt

�
¼ G

�
Xt;S

2
i

�
¼ G

�
fxt; yt; stg;S2

i

�
; (24)

where G denotes the Gaussian function with mean Xt and
variance S

2
i . Note that, for the motion model, our method

utilizes the state before the masking process, as explained
in Section 4.1. Because all fragments in the bounding box
are consistently moved by the motion model, our method
does not need to consider the specific state representation
type. Using the motion model in (24), a new state without
masking, fx
t ; y
t ; s
t g is proposed based on the previous
state without masking, fxt; yt; stg. Subsequently, the pro-
posal function, QMðM


t ; MtÞ chooses the new model, Mi,
with a higher confidence value, adds the new model into
Mt, and proposes the new set of motion models, M


t :

M

t � QMðM


t ; MtÞ ¼Mt

[
Mi: (25)

To remove a model from the current set, the sampler ran-
domly selects a model, and proposes a new set that does
not include itself:

M

t � QMðM


t ; MtÞ ¼Mt=M
i: (26)

Acceptance step. Our sampler accepts M

t with high proba-

bility if the motion models in M

t have more accurate cluster

centers si than those in Mt:

aM ¼min 1;
pðM


t jXt;Y1:tÞQðMt; M


t Þ

pðMt jXt;Y1:tÞQðM

t ; MtÞ

� �
;

where� log pðM

t jXt;Y1:tÞ

/
XjM
t j
i¼1

VARðDt; siÞ þ �M logjM

t j:

(27)

In (27), V ARðDt; siÞ returns the variance of data, Dt, that
belongs to the cluster centered on si, and �M is the weight-
ing parameter.

5 STATE SAMPLING PROCESS

In the previous section, our method proposed new trackers
and determined whether they were accepted or not. Given
the sampled trackers, new states of the target are obtained by
the state sampling process. The state sampling process com-
prises two modes, namely, parallel and interacting. In the
parallel mode, our method acts as parallel Metropolis Hast-
ings algorithms. When the method is in the interacting
mode, the trackers communicate with others and make leaps
to better states of an object. The best state X̂t is then chosen
among the sampled states by the CMAP criterion in (4).

5.1 Parallel Mode

Each sampled tracker Ti
t; i ¼ 1; . . . ; jTtj constructs its own

Markov Chain, runs in parallel with others, and produces
samples of the state from the Markov Chain via the
Metropolis Hastings algorithm, to estimate each decom-
posed posteriori probability, pðXt jTi

t;Y1:tÞ in (2). The
sampling process comprises two main steps: the proposal

and acceptance steps. In the proposal step, a new state is
proposed by the proposal density function. For example,
using the tracker constructed by the ith appearance
model, the jth motion model, the kth state representation
type, and the lth observation type, our method proposes
a new state Xj


t :

Xj

t � Qj

�
Xj

t jX

j
t

�
¼ G

�
Xj
t ;S

2
j

�
; (28)

where G denotes the Gaussian function with mean Xj
t and

variance S
2
j . Our method also determines whether the pro-

posed state is accepted or not using the following acceptance
ratio:

aP ¼ min 1;
p
�
Yt jAi; Sk;Ol;Xj


t

�
Qj

�
Xj
t ; X

j

t

�
p
�
Yt jAi; Sk;Ol;Xj

t

�
Qj

�
Xj

t ; Xj

t

�
" #

;

where p
�
Yt jAi; Sk;Ol;Xj


t

�
¼
YjFkt j
m¼1

exp
�g

DDðYl
t
ðfmÞ;�itÞ
jFk
t
j :

(29)

In (29), pðYtjAi; Sk;Ol;Xj

t Þ is the modified appearance

model of (16), which further considers the kth state repre-
sentation type, and the lth observation type, where Yl

tðfmÞ
indicates the lth observation at the mth image fragment.
These two steps iteratively continue until the number of
iterations reaches a predefined value.

5.2 Interacting Mode

During the sampling process, the basic trackers communi-
cate with other basic trackers regarding the good configura-
tion of an object. Because each basic tracker utilizes
different components of the appearance model, motion
model, state representation type, and observation type,
exchanging information results in the fusion of all compo-
nents and in the implicit estimation of their weights. A com-
ponent is implicitly considered to have a heavy weight if
the basic tracker with the component produces numerous
states that are frequently propagated to other basic trackers.
To allow the trackers to communicate with one another, we
introduce IMCMC [18] to our tracking problem. Using
IMCMC, the trackers communicate with others and make
leaps to better states of an object. A tracker accepts the state
of another tracker, which is constructed by the ith appear-
ance model, the jth motion model, the kth state representa-
tion type, and the lth observation type as its own state with
the following probability:

aI ¼
p
�
Yt jAi; Sk;Ol;Xj


t

�
PjAt j

i¼1

PjMtj
j¼1

PjStj
k¼1

PjOtj
l¼1 p

�
Yt jAi; Sk;Ol;Xj


t

� : (30)

Our method operates in an interacting mode with the prob-
ability at at each iteration, which linearly decreases from
1:0 to 0:0 per frame as the simulation goes on. Our method
switches from interacting mode to parallel mode over time,
because this switching process enables our method to con-
verge to the original posterior although each tracker gets
samples over each decomposed posterior. This is proven
by Theorem 2 in the next section.

5.3 Property of State Sampling

In the state sampling process using parallel interacting Mar-
kov Chains, the samples from several decomposed posterior
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probabilities are fair samples from the original target poste-
rior probability, pðXt jY1:tÞ.
Theorem 2. The probability that the jTtj number of parallel

interacting Markov Chains visit every possible state between
interaction times converges to unity, as at ! 0 and t!1.

Proof. Based on [40], we examine the behavior of each of the
jTtj parallel interacting processes. With ti and tiþ1 as the
time of the ith and (iþ1)th interacting modes, respec-
tively, ti ¼ tiþ1 � ti � 1 is formulated, which refers to the
number of iterations between two adjacent interacting
modes. With nmax as the number of maximum iterations
for the Markov Chain to visit every state. the probability
that ti is equal or greater than nmax converges to unity
for very small � > 0 and sufficiently large i, as follows:

pðti � nmaxÞ ¼ 1� pðti < nmaxÞ ¼ 1�
Xnmax�1

t¼0

pðti ¼ tÞ

¼ 1�
Xnmax�1

t¼0

atiþtþ1

Ytiþt
s¼tiþ1

ð1� asÞ
 !

� 1�
Xnmax�1

t¼0

atiþtþ1

� 1� nmaxmaxfatjt ¼ ti þ 1; . . . ; ti þ nmaxg
¼ 1� �:

(31)

The last equality is supported since at ! 0 for suffi-
ciently large i. tu
Algorithm 1 illustrates the whole process of our tracking

method.

6 EXPERIMENTAL RESULTS

We tested 18 video sequences.2 Using the data sets, our
method (VTD, VTS) were compared with five different
tracking methods: MC [34], [41], [42], IVT [13], MIL [2],
FRAGT [38], and CT [43]. The same initializations were set
to all methods for fair comparison. The parameters of all
methods were adjusted to show the best performance. To
obtain the tracking results of IVT, MIL, FRAGT, and CT, we
used the software provided by the authors. The ground
truth of the object center was manually labeled, where the
object center is the center of the bounding box.

For the experiment, we utilized hue, saturation, inten-
sity, and edge template for the features FEn in (14). The
hue template describes the chrominance characteristic of
an object. The intensity template represents the brightness
status of the object [41]. The edge template gives relatively
consistent information on the shape of the object even
under severe illumination changes [44]. With four different
types of features, the set Zt in (13) was created using five
image patches obtained at the initial frame and four recent
frames where jZtj is 20. In all experiments, we set �S ,�O,�A,
and �M in (8), (12), (23), and (27) to 0:05 and g in (16), (29) to
5, where our tracking results are not sensitive to these
parameters. We set r in (18) to 90. Our method only requires
labeling the first frame. Before five frames, our method uses
the available frames for the tracking sampling process,
which are from the first frame to the current frame. After
five frames, our method uses the recent five frames. The
algorithm was implemented in partly C++ and partly mat-
lab. It was run on a Quad Core 2.6 GHZ CPU with 4 GByte
memory. Our current implementation is not optimized,
and it spends the majority of the computational time on cal-
culating the likelihood score by measuring the diffusion
distance in [39]. Thus, by properly optimizing the process
of measuring diffusion distance, we can significantly
enhance the speed although it takes 0:2 � 1 seconds per
frame at the current state.

6.1 Quantitative Evaluation

Performance of IMCMC. VTD had a better performance than
VTD~I, as shown in Table 1, where VTD~I denotes VTD with-
out interaction between trackers. The results show that the
interaction process in VTD is important in improving track-
ing performance, especially in the tiger1 sequence. The
sequence contains several kinds of appearance and motion

2. Fifteen videos out of 18 are provided in our homepage, while the
three videos tiger1, david, and occlface are accessible at the authors’
homepages of [2], [13], [38], respectively. Now, we collected all 18 vid-
eos at http://cv.snu.ac.kr/research/vtdvts/, so that everyone can use
them. The codes and video results of our method are also available at
the aforementioned website.

TABLE 1
Performance of IMCMC and SPCA

VTD~I denotes our method without interaction between trackers, whereas
VTD eS indicates our method without sparse principal component analy-
sis. The numbers indicate average center location errors in pixels.
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changes. In the VTD method, a proper tracker among multi-
ple ones covered these changes each time and propagated
its state to the other trackers. Thus, VTD typically provided
more accurate results than VTD~I. Fig. 8e describes how fre-
quently each tracker takes the states of other trackers in the
animal sequence, which includes drastically abrupt motions
of the object. In this sequence, each basic tracker actively
interacted with the rest while helping other basic trackers to
make leaps to a better state. Although some basic trackers
failed to track the object, our method successfully found the
proper state of the object, as shown in Figs. 8a, 8b, 8c, and
8d, where the red rectangle denotes the tracking result of
the failed basic tracker. Meanwhile, the green rectangle
indicates the leapt state of the failed tracker with the help of
other good trackers.

Performance of SPCA. We designed VTDeS where each
appearance model includes one kind of a feature only and
uses a different feature each other. On the other hand, each
appearance model of VTD includes several types of feature
templates obtained by SPCA. As shown in Table 1, the per-
formance of VTD drastically improved in comparison with
VTDeS, indicating that the appearance models constructed
by SPCA are very useful in our tracking problem. Fig. 9e

shows how SPCA adaptively constructs object models at
each frame under severe illumination changes from frame
#60 to #170 in the singer1 sequence. The changes of cardi-
nality in each model indicate that SPCA transforms each
model into a different one to cover the specific appearance
changes in an object. At frame #68, to represent the illumi-
nated object in Fig. 9b, SPCA added hue and edge templates
to Model 1, as shown in Figs. 9e and 9f, which are relatively
robust to the illumination changes [1]. Similarly, at frame
#96, Model 4 is severely modified to deal with these
changes. With the help of SPCA, VTD accurately tracks the
object despite severe illumination changes as illustrated in
Figs. 9a, 9b, 9c, and 9d.

Performance of sampling trackers. To evaluate the perfor-
mance of the tracker sampling process of VTS, we com-
pared VTD with VTS. For this experiment, we modified the
VTS method to construct trackers by changing the appear-
ance and motion models only. If we test VTS directly, fair
comparison with VTD is not achieved, because VTS consid-
ers additional tracker elements, such as the state represen-
tation and observation types. As shown in Table 2, VTS
performs always better than VTD when the same number

Fig. 9. Adaptiveness of the observation models in the singer1 sequence.

TABLE 2
Comparison of Tracking Accuracy

The numbers denote the center location errors in pixels. The numbers in () indicate the amount of successfully tracked frames (score > 0:5), where
the score is defined by the overlap ratio between the predicted bounding box Bp and ground truth bounding box Bgt:

areaðBp\BgtÞ
areaðBp[BgtÞ Red is the best result

and blue is the second-best result. singer1L and skating1L represent the modified version of the original sequences to have partially low frame rate.
soccerN and skating1N indicates the modified version of the original sequences to have noise and blur. We adjusted the total number of samples of
other methods to be the same as that of VTS, except VTD
 which has fixed 800 samples.

Fig. 8. Interaction among multiple trackers in the animal sequence.
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of samples are used. Even with smaller numbers of sam-
ples, in most cases, VTS performs similar or better than the
original VTD [9], denoted by VTD
 that uses a fixed number
of samples, 800. The better performance of VTS comes from
the tracker sampling process, in which VTS changes the
number of trackers and maintains only the required track-
ers by adaptively selecting appropriate ones depending on
the current tracking environment.

To demonstrate how VTS produces accurate tracking
results with an understanding of its mechanisms, we pro-
vide intermediary results of the four ingredients in VTS. As
shown in Fig. 10a, VTS increased the number of each ingre-
dient appropriately when there were specific changes in
appearance or motion. For example, VTS constructed three
motion models, of which proposal variances are 0:23, 1:71,
and 3:12, and successfully tracked complex motions. To
overcome severe noise in the sequence, VTS automatically
employed four observation types, in which the degree of
Gaussian blur differed. When pose variations manifested,
VTS made appearance of the target insensitive to the varia-
tions, as possible, by utilizing three state representation
types. Using the four appearance models, VTS described
both occluded and non-occluded targets and robustly
tracked them.

As illustrated in Fig. 10b, the tracker sampling process of
VTS adaptively changed the number of trackers according to
the tracking environment over time. For example, the tracker
sampling process decreased the number of trackers and
saved the resources at frame #128, because the frame
included almost no movements and appearance changes of
the target. At frame #356, VTS increased the number of

trackers to capture appearance variations attributed to
severe illumination changes. On the other hand, VTD wasted
the resources by always using 8 trackers. Thus, it inaccu-
rately tracked the target with a small number of samples.

Performance of the whole tracking system. We compared
conventional methods with VTS by evaluating tracking
accuracy. For the evaluation, we constructed highly chal-
lenging video sequences. We manually added noise and
motion blur into the soccer and skating1 sequences, and
made new sequences, such as, soccerN and skating1N . Then,
the sequences simultaneously exhibit severe illumination,
viewpoint changes, occlusions, noise, and motion blur.
Moreover, we obtained new tracking sequences captured
from real movies, such as iron-man and matrix sequences,
where challenging appearance and motion changes exist. In
these sequences, VTS most accurately tracked the targets as
shown in Table 2. VTS robustly handled noise and motion
blur by constructing the robust trackers that can cope with
the current tracking environment and by further consider-
ing state representation and observation types to construct
trackers. During the tracking process, VTS found the appro-
priate observation types by determining the variances of the
Gaussian filter toward making the observation robust to
noise, and identified the appropriate state representation
type by separating the target into several fragments, which,
when combined, are robust to motion blur. VTS also pro-
duced accurate tracking results in the conventional tiger1,
david, and occlface sequences.

6.2 Qualitative Evaluation

Illumination change and pose variation. Fig. 11 presents the
tracking results in the shaking and singer2 sequences.
Although the stage lighting condition drastically changed
and the pose of the object severely varied because of head-
shaking or dancing, our method successfully tracked the
object. Because our appearance models evolve themselves
by online update, our method efficiently covered pose var-
iations. The method was also robust to illumination
change because the appearance models utilized a mixture
of templates. However, other methods failed to track the
object when these changes occurred in combination as
shown in Fig. 11.

Occlusion and pose variation. Fig. 12 demonstrates how the
proposed method outperforms conventional tracking algo-
rithms when the target is severely occluded by other objects.
Our method was robust to occlusion because it constructed
multiple observation models. Each model kept a different
history of the object’s appearance over time, which included
the occluded and non-occluded appearance, as well as a
mixture of both. Each model handled a different degree of
occlusion. Other methods failed to track the object, as
depicted in Fig. 12.

Background clutters. In Fig. 13, we tested the football and
animal sequences which had severe background clutter, the
appearance of which is similar to that of the target. In other
methods, a trajectory was hijacked by a football player
wearing a similar helmet of the target when the two players
collided with each other at frame #360 in the football
sequence. Our method resolved this problem and success-
fully tracked the target.

Fig. 10. Number of ingredients and trackers as time goes on in the
soccerN and skating1N sequences, respectively.
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Abrupt motion and illumination change. For the tests, we
made original videos, singer1 and skating1, to have partially
low frame rate. In the converted videos, the position and
the scale of an object are drastically changed. Moreover,
severe illumination changes translate the appearance of the
object into different one. As shown in Fig. 14, our method
covered these changes and reliably tracked the object. How-
ever, other methods including WLMC [8] failed to track the
object as described in Fig. 14. Note that WLMC comprises
the most recent state-of-the-art tracking methods that can
cope with abrupt motions. However, WLMC could not deal
with severe illumination changes at the same time.

Motion blur and noise. Fig. 15 illustrates the tracking results
in highly challenging sequences that have severe noise and
motion blur as well. VTS accurately and robustly tracked the
targets although severe types of appearance changes
occurred simultaneously. Note that VTD successfully
tracked the targets when only noise or motion blur existed.
Otherwise, VTD failed to track the targets when noise and
motion blur occurred with illumination changes, such as
frame #377 of the skating1N sequence, and occurred with
occlusions, such as frame #279 of the soccerN sequence.

Real movies: Fig. 16 presents the tracking results under the
real-world tracking environment utilizing the iron-man and

Fig. 12. Tracking results when there are severe occlusions and pose variations in the soccer sequence.

Fig. 13. Tracking results when there is severe background clutter in the football and animal sequences.

Fig. 14. Tracking results when there are abrupt motions and severe illumination changes in the singer1L and skating1L sequences.

Fig. 11. Tracking results when there are severe illumination changes and pose variations in shaking and singer2 sequences. White, green, red, pur-
ple, orange, and yellow rectangles represent tracking results of VTS, CT, FRAGT, MIL, IVT, and MC, respectively.
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matrix sequences. As shown in the figure, VTS covered most
variations occurring in the sequences and robustly tracked
the target. However, MIL and CT failed to track the target
accurately because of the severe appearance changes at
frame #101 in the iron-man sequence and at frame #53 in the
matrix sequence. Moreover, MIL and CT trackers were fre-
quently hijacked by other objects at frame #69 in the matrix
sequence, the appearance of which is similar to the target.

7 CONCLUSION AND DISCUSSION

In this paper, we proposed an effective tracking framework
with visual tracking decomposition and visual tracker sam-
pler. In the framework, our method efficiently samples mul-
tiple good trackers from the tracker space, and tracks the
target robustly and successfully by utilizing them in chal-
lenging tracking environments. The experimental results
demonstrated that the proposed method outperformed con-
ventional tracking algorithms in terms of tracking accuracy
and efficiency.

Our method is typically robust to partial occlusions in
the skating1, face, soccer and tiger1 sequences because the
method uses multiple trackers. Although a current tracker
missed the targets, other trackers may successfully track the
target. In this case, the target can be reacquired by the help
of other trackers not by chance but by systemical way using
our interacting Markov Chain However, our method can
fail to track the target in the skating2 sequence because there
are full occlusions, as shown in Fig. 17. If all trackers missed
the targets due to full occlusions, our method then has no

way to re-acquire the target. To handle full occlusions, our
method requires an explicit recovery way from failures.
One of good solutions is to integrate the detection proce-
dure like the TLD framework [45].

In the sampling of the state representation type, the
performance of the VPE is better than HPE and the Frag-
ment tracker. One of reasons is that the testing sequences
typically include human faces and human bodies, which
generally have a consistent vertical configuration. For
example, human body can be easily divided into head,
upper body and lower body, which can be better
described by the VPE. Our method can efficiently repre-
sent general targets by choosing VPE, HPE, and
VPEþHPE adaptively during the sampling process. We
remain this as the future work.
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