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Abstract—A novel tracking algorithm is proposed for targets with drastically changing geometric appearances over time. To track such

objects, we develop a local patch-based appearance model and provide an efficient online updating scheme that adaptively changes

the topology between patches. In the online update process, the robustness of each patch is determined by analyzing the likelihood

landscape of the patch. Based on this robustness measure, the proposed method selects the best feature for each patch and modifies

the patch by moving, deleting, or newly adding it over time. Moreover, a rough object segmentation result is integrated into the

proposed appearance model to further enhance it. The proposed framework easily obtains segmentation results because the local

patches in the model serve as good seeds for the semi-supervised segmentation task. To solve the complexity problem attributable to

the large number of patches, the Basin Hopping (BH) sampling method is introduced into the tracking framework. The BH sampling

method significantly reduces computational complexity with the help of a deterministic local optimizer. Thus, the proposed appearance

model could utilize a sufficient number of patches. The experimental results show that the present approach could track objects with

drastically changing geometric appearance accurately and robustly.

Index Terms—Object tracking, nonrigid object, local patch-based appearance model, Basin Hopping Sampling, Markov Chain Monte

Carlo, likelihood landscape analysis

Ç

1 INTRODUCTION

OBJECT tracking is one of the most important problems in
computer vision. Practically, it can be used in a large

number of different applications, including surveillance,
intelligent robots, augmented reality, medical imaging, and
so on. Recent research trends address challenging real-
world tracking problems more than experiments in a simple
lab-like environment [1]. In real-world settings, objects are
typically complex and difficult to track. To track an object
robustly under difficult real-world settings, tracking algo-
rithms need to consider the target object’s appearance
changes adaptively. Recently, numerous online learning
algorithms have been proposed to address photometric
appearance changes, and these algorithms have shown
promising results [2], [3], [4], [5], [6], [7], [8], [9], [10], [11],
[12]. However, few studies focus on the geometric appear-
ance changes in target objects. In this paper, we address the
problem of tracking nonrigid objects, the geometric appear-
ances of which change drastically over time. Although more
generally applicable, the results in the present paper focus
specifically on tracking the objects in scenes from movies
and sports, which usually exhibit a large amount of extreme
geometric appearance changes. Under the aforementioned
scenes, conventional tracking methods frequently fail to

track the target object. Fig. 1 shows a tracking example of
such an object by the proposed method.

The philosophy of the proposed method lies in taking
advantage of both the histogram-based appearance [13],
[14] and pixel-wise models [15], [6]. Note that the
histogram-based appearance model covers geometric varia-
tions to some degree, but loses the spatial information of
target objects. On the other hand, the pixel-wise model
preserves all spatial information, but typically fails to
capture the extreme geometric changes of target objects.
To cover the geometric changes without losing spatial
information of target objects, we propose a local patch-
based appearance model as in [16], [17], [18] and present a
new strategy for its online construction. The proposed local
patch-based appearance model is comprised of a number of
local patches and the topology between the patches. In the
proposed model, the patch contains the local information of
the target appearance. The topology exploits spatial rela-
tions of the patches. The model then preserves the spatial
information of the target object using the topology between
local patches. The model could also cover geometric
variations well because the topology between local patches
evolves through online update over time.

The present work has the following main contributions:

. A new local patch-based appearance model and its
online update scheme for highly nonrigid objects are
proposed. The appearance model is comprised of
multiple local patches and the topology between
those patches, which covers geometric changes while
preserving spatial information of the target. The
proposed model needs no specific object model and
no training phase for learning the appearance or
behavior of the object. Instead, the model evolves
automatically through a novel update scheme,
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reflecting the photometric and geometric appearance
changes of the target. A novel likelihood landscape
analysis (LLA) is proposed for the update scheme and
employed to measure the robustness of each patch.
Using LLA, the robustness of a patch is measured by
evaluating the degree of smoothness and steepness of
the likelihood landscape of the patch.

. The adaptive Basin Hopping Monte Carlo
(ABHMC)-based tracking method [9] is proposed
to reduce the complexity in the proposed appear-
ance model. The BH sampling method simplifies the
landscape of a solution space by combining the
Monte Carlo method with a deterministic local
optimizer [19]. In our tracking problem, the method
gives an efficient way to reach the global optimum
using a small number of samples, even in a huge
solution space, that is associated with a large
number of local patches. This method is extended
to an adaptive version of ABHMC by adding an
adaptive proposal density, which further improves
the sampling efficiency.

. The ABHMC-based tracking method is further
extended and ABHMC-F- and ABHMC-FS-based
tracking methods are proposed. The ABHMC-based
tracking method is designed to deal with geometric
appearance changes in particular. This method is
extended to cope with severe illumination condi-
tions and scale changes as well. To accomplish the
extension of the method, the appearance model is
enhanced with multiple features, and the ABHMC-
F-based tracking method is developed. In the
enhanced appearance model, the local patches are
constructed using different features, and a good
feature for each patch is selected automatically. With
adaptive feature selection, the method deals with
local appearance changes of the target and tracks it
robustly during local changes in the illumination
conditions. The likelihood function is also improved
using the rough segmentation results, and the
ABHMC-FS-based tracking method is developed.
Using the segmentation results, the redesigned
likelihood function covers severe scale changes in
the target. These extended works are described in
detail in Sections 4.2 and 5.3.

2 RELATED WORK

The related works are grouped into five categories.

2.1 Tracking Methods with Online Appearance
Learning

By approximately estimating the pixel-wise color density in
a sequential manner, Han and Davis [6] successfully track

an object where lighting conditions, pose, scale, and view-
point change over time. Ross et al. [10] present an adaptive
tracking method utilizing incremental principal component
analysis. This adaptive tracking method shows robustness
to large changes in pose, scale, and illumination. These two
methods, however, do not consider extreme geometric
changes of an object. The proposed method explicitly
tackles these changes using a local patch-based online
appearance model.

2.2 Tracking Methods for Nonrigid Objects

Schindler and Dellaert [20] represent an object as constella-
tions of parts to track a bee accurately using the Rao-
Blackwellized Particle Filter. This method focuses on fixing
the topology of the constellation, whereas the proposed
method evolves the topology via online updates. Ramanan
et al. [21] propose a tracking method operated by detecting
the models of the target, the appearances of which should
first be built. This method shows good results in tracking an
articulated person. Using shape models of humans, Zhao
and Nevatia [22] successfully track humans in crowded
environments, where occlusion occurs persistently. All
these tracking methods, however, basically assume that
specific models of the targets are given. By contrast, the
proposed method utilizes no prior knowledge of the specific
model for the target and no offline training phase. Cehovin
et al. [23] combine local appearance with global appearance
of the target using a novel coupled-layer visual model.
Godec et al. [24] employ a rough segmentation to describe
the global appearance of the target. The global appearance
of these two methods helps reduce noisy samples during
the appearance updating process and thus helps effectively
prevent the trackers from drifting. By incorporating the
global appearance, these two methods produced very
accurate tracking results, especially for the highly nonrigid
objects. The proposed ABHMC-FS tracker also uses global
appearance obtained from a rough segmentation. However,
in contrast with the aforementioned two methods, the
ABHMC tracker includes the online feature selecting step.
This enables that a different part of local appearance is
described by a different feature. With the step, the ABHMC-
FS tracker shows better tracking performance under the
challenging tracking environments, including illumination
changes as well as severe deformation of the targets.

2.3 Tracking Methods Using Multiple Patches

Adam et al. [25] present a tracking method using multiple
image fragments, where every fragment votes on the
possible positions and scales of the object. By employing
multiple fragments, the method is able to handle partial
occlusions or pose changes efficiently. Nejhum et al. [26]
model the constantly changing foreground shape using
multiple rectangular blocks, whose positions within the
tracking window are adaptively determined. Using multi-
ple rectangular blocks, the algorithm efficiently tracks
articulated objects undergoing large variations in appear-
ance and shape. Yang et al. [27] proposed a novel
attentional tracking method which utilizes spatially atten-
tional patches. The attentional patches include salient and
discriminative regions of the targets. This method showed
the robustness on a large variety of real-world videos.
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Fig. 1. Example of tracking results in the transformer seq. The proposed
tracking algorithm successfully tracks a target even when the target’s
geometric appearance changes drastically. The white squares represent
the affine transformed-local patches in the appearance model.



Compared with these methods, the proposed local patch-
based appearance model is more flexible because the patch
may be removed, newly added, and moved by affine
transformation and transition. Thus, the proposed method
is able to track more severe nonrigid objects.

2.4 Tracking Methods Using Segmentation Results

Chockalingam et al. [28] represented the target by a
Gaussian mixture model with multiple fragments and
extracted accurate boundaries of the target using level sets.
Then, the boundaries are used to learn the dynamic shape of
the target over time. Lu and Hager [29] treated the tracking
problem as an online binary classification one using dy-
namic foreground/background appearance models. Using a
temporal adaptive importance resampling procedure, they
maintained temporally changing appearance model for both
foreground and background. These two methods demon-
strated the effectiveness of their approach on several
challenging sequences. However, the methods did not
consider the geometric structure of the targets such as
relations between patches or fragments. Compared with the
aforementioned methods, the proposed method covers the
temporally changing geometric structure of the targets.
Hence, the method robustly tracks the targets for which
geometric appearance severely changes over time.

2.5 Sampling-Based Tracking Methods

In tracking problems, the particle filter [30] has shown
efficiency in handling non-Gaussianity and multimodality.
The Markov Chain Monte Carlo (MCMC) method can be
well applied to multi-object tracking problems because of
its reduction of computational costs [31], [32]. When the
dimension of a solution space increases, however, these
methods still suffer from the problem of being trapped in
deep local optima and handling a vast number of samples.
The proposed method, based on the BH sampling method,
solves these problems by combining a sampling method
with a deterministic method and simplifying the landscape
of a solution space. By doing this, our method can find a
solution using smaller number of samples even in a very
high-dimensional solution space.

3 BAYESIAN OBJECT TRACKING APPROACH

The tracking problem can be interpreted as Bayesian
filtering. Given the state at time t, Xt, and the observation
up to time t, Y1:t, the Bayesian filter updates the posteriori
probability pðXtjY1:tÞ with the following rule:

pðXtjY1:tÞ � pðYtjXtÞ
Z
pðXtjXt�1ÞpðXt�1jY1:t�1ÞdXt�1;

ð1Þ

where pðYtjXtÞ is the observation model that measures the
similarity between the observation at the estimated state
and the given model, and pðXtjXt�1Þ is the transition model
that predicts the next state Xt based on the previous state
Xt�1. With the posteriori probability pðXtjY1:tÞ computed
by the observation and transition models, the Maximum a
Posteriori (MAP) estimate over the N number of samples at
each time t is obtained:

X̂t ¼ arg max
X
ðlÞ
t

p
�
X
ðlÞ
t jY1:t

�
for l ¼ 1; . . . ; N; ð2Þ

where X
ðlÞ
t represents the lth sample of the object state

Xt, and X̂t denotes the best sample of the object state,
which explains the object configuration fairly well given
the observations.

3.1 MCMC-Based Tracking Method

The integration in (1) is not feasible in a large state space. To
solve this problem, we utilize the Metropolis Hastings (MH)
algorithm [33], a popular MCMC sampling method. The
MH algorithm defines a single Markov chain and acquires
samples over the chain. To obtain samples, two main steps
are performed, namely, the proposal and acceptance steps.
These two steps are iteratively executed until the number of
iterations reaches a predefined value.

. Proposal step: The proposal step proposes a new state
given the previous state, based on some prior
knowledge of the motion. The most commonly used
prior knowledge of the motion is that the transition
is governed by the Gaussian distribution. Thus, the
proposal density is designed by:

Q
�
X
ðlþ1Þ
t ; X

ðlÞ
t

�
¼ G

�
X
ðlÞ
t ; �

2
�
;

where X
ðlÞ
t is the previous state, X

ðlþ1Þ
t is the new

state, and G denotes the Gaussian function with
mean X

ðlÞ
t and variance �2.

. Acceptance step: The acceptance step determines
whether the new proposed state X

ðlþ1Þ
t is accepted or

not. This step can be calculated simply by the
likelihood ratio a between the previous and new
states:

a ¼ min 1;
p
�
YtjXðlþ1Þ

t

�
Q
�
X
ðlÞ
t ; X

ðlþ1Þ
t

�
p
�
YtjXðlÞt

�
Q
�
X
ðlþ1Þ
t ; X

ðlÞ
t

�
" #

;

where pðYtjXðlÞt Þ denotes the likelihood term over
the state X

ðlÞ
t , and QðXðlþ1Þ

t ; X
ðlÞ
t Þ represents the

proposal density.

In the proposal and acceptance steps, the design of the
state, Xt, is crucial to the success of MCMC-based tracking
approaches because it significantly affects the performance
of the MCMC sampling method. Ordinarily, the state at
time t is represented as a three-dimensional vector,
Xt ¼ ðxt; yt; stÞ, where xt, yt, and st indicate the xy center
positions and scale of the target object, respectively.
However, with conventional state representation, the
tracking methods typically fail if the target is highly
nonrigid because the representation cannot completely
describe the geometric appearance of the target and cannot
robustly cover its changes. To overcome these problems, the
tracking methods require more advanced state representa-
tion, which describes the target’s geometric appearance
well. Thus, the proposed method presents a novel local
patch-based appearance model in Section 4.

However, the local patch-based appearance model gen-
erates serious problems in conventional MCMC-based
tracking approaches because the model should be repre-
sented as a very high-dimensional vectors. In the high-
dimensional state space, the conventional MCMC method
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explained in Section 3.1 suffers from higher computational
complexity because it requires an exponentially large
number of samples to reach the global optimum. Addition-
ally, the method becomes trapped in local optima more
frequently because functions usually become rougher in a
high-dimensional state space. To solve this problem, the
proposed method presents the advanced MCMC method,
the BH sampling method, to obtain samples efficiently,
especially from the high-dimensional state space in Section 6.

4 DESIGN OF THE APPEARANCE MODEL

An object is represented by a local patch-based dynamic
graph model, as shown in Fig. 2. In the proposed model, the
object state Xt at time t is defined by Xt ¼ ðxt; yt;
st;X

1
t ; . . . ;Xi

t; . . . ;Xm
t Þ, where xt, yt, and st denote the xy

center positions and scale of an object, respectively, Xi
t ¼

ðxit; yitÞ indicates the center position of the ith local patch,
and m is the total number of local patches. Each local patch
is assumed to be dependent only on the center of an object,
such like the star model [17], [18]. The star model is
frequently used because of its efficiency, which only
considers the relation between center and each patch. As
reported in [17], the star model has complexity OðNP Þ,
while the fully connected model that considers all relations
among patches has complexity OðNP Þ, where N and P
denote the number of features and patches, respectively.
Although the fully connected model may completely utilize
the geometric information of the target, the complexity of
the model exponentially increases as the number of patches
in the model increases. The k-fan model [16] has advantages
of both the star and fully connected models. Although this
model showed good performance for the recognition
problem, the model did not produce good results for our
tracking problem. The recognition problem typically con-
siders a static scenario in which the relations between
patches undergo relatively small changes. On the other
hand, the tracking problem should cover severe changes in
relations between patches over time, especially if the target
is highly nonrigid. To cover topology changes in the model
both accurately and efficiently, the model should be
designed with as simple relations between patches as
possible, such as the star model, as addressed in [17], [18].
In our tracking problem, the star model produced more
accurate results with lower complexity compared with the
k-fan model.

Using the star model, the center position of the local
patch, Xi

t, is determined by Ri
t, which represents the

relative position between ðxt; ytÞ and Xi
t. In this manner, the

topology of all local patches is constructed by Rt ¼ ðR1
t ;

. . . ;Ri
t; . . . ;Rm

t Þ, as described in Fig. 2b. The objective of our
tracking method is then finding the best sample of the object
state, X̂t ¼ ðx̂t; ŷt; ŝt; X̂

1

t ; . . . ; X̂
i

t; . . . ; X̂
m

t Þ, using the MAP
estimation in (2), where the lth state sample is represented
by X

ðlÞ
t ¼ ðx

ðlÞ
t ; y

ðlÞ
t ; s

ðlÞ
t ;X

1ðlÞ
t ; . . . ;X

iðlÞ
t ; . . . ;X

mðlÞ
t Þ.

4.1 Photometric and Geometric Likelihoods

The likelihood is designed as

p
�
YtjO

�
X
ðlÞ
t

��
�
Ym
i¼1

�
pp
�
YtjO

�
X
iðlÞ
t

��
pg
�
O
�
X
iðlÞ
t

�
jxðlÞt ; y

ðlÞ
t ;R

i
t

��
;
ð3Þ

where pp denotes the photometric likelihood and pg
indicates the geometric likelihood. In (3), OðXiðlÞ

t Þ returns
the state vector of the local mode of the ith patch centered
on X

iðlÞ
t , which indicates the locally best one among the

states around X
iðlÞ
t . To obtain the state of the local mode, the

proposed method utilizes the image registration algorithm
in [19]. In the image registration process, the ith local patch
is warped via affine transformation so that it best matches
to the model image of the ith patch, Mi

t at time t.
The photometric likelihood is then defined as

pp
�
YtjO

�
X
iðlÞ
t

��
¼ exp��pF1 I OðXiðlÞ

t Þ½ �;Mi
tð Þ; ð4Þ

where I½OðXiðlÞ
t Þ� indicates the patch image described by

OðXiðlÞ
t Þ, the F1 function returns the normalized sum of

squared differences between the patch at the state of the

local mode and its model image, and �p denotes the

weighting parameter set to 30. The ith patch model Mi
t in

(4) is updated by

Mi
tþ1 ¼ ð1� !ÞMiðrefÞ þ !M

iðdynÞ
t ; ð5Þ

where MiðrefÞ indicates the ith reference local patch model
in the initial frame and M

iðdynÞ
t represents the model image

obtained in the region of OðX̂i

tÞ at time t. The local patch
model in the initial frame, MiðrefÞ, prevents it from learning
drastic appearance changes [34].

The geometric likelihood is defined by

pg
�
O
�
X
iðlÞ
t

�
jxðlÞt ; y

ðlÞ
t ;R

i
t

�
¼ exp��g OðXiðlÞ

t Þ�ðx
ðlÞ
t ;y

ðlÞ
t Þ½ ��Ri

tk k
2 ; ð6Þ

where k½OðXiðlÞ
t Þ � ðx

ðlÞ
t ; y

ðlÞ
t Þ� �Ri

tk2 returns the 2-norm

distance between two vectors ½OðXiðlÞ
t Þ � ðx

ðlÞ
t ; y

ðlÞ
t Þ�, and Ri

t,

and �g denote the weighting parameter set to 1. In (6),

½OðXiðlÞ
t Þ � ðx

ðlÞ
t ; y

ðlÞ
t Þ� is the relative position of the local mode

of the proposed ith local patch with respect to the center of an

object. Ri
t is the reference position of the ith local patch with

respect to the center of an object, which is updated by

Ri
tþ1 ¼ ð1� !ÞRi

t þ !
�
O
�
X̂
i

t

�
� ðx̂t; ŷtÞ

�
; ð7Þ

where X̂
i

t, x̂t, and ŷt denote the MAP states for Xi
t, xt, and

yt, respectively. Note that this updating process is for
unmodified local patches. For modified local patches, Mi

tþ1
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Fig. 2. Example of proposed local patch-based appearance model:
(a) an example of the state, Xt, (b) an example of the topology
between local patches, defined by Rt.



and Ri
tþ1 are already determined in the modification

process explained in Section 5.4.

4.2 Advanced Likelihood with Rough Segmentation

The local patch-based appearance model enables the
proposed method to employ a segmentation technique very
easily. As mentioned before, the model automatically
produces several foreground patches over time. These
patches could be good seeds for the segmentation algo-
rithms. Fig. 3a displays the construction of background
patches. Since the number of background patches around
the bounding box is large, our background model is similar
to a conventional rectangular band. With the advantage of
the conventional rectangular band, our background model
also has the good property of preserving the spatial
information of background, while the rectangular band
loses the spatial information of the background.

With the foreground and background patches, the
proposed method segments the target using the random-
walk algorithm in [35], as described in Fig. 3b. This
algorithm finds out the target region probabilistically with
a set of foreground patches and a set of background
patches. Because the segmentation results are generative,
the results are well integrated into our sampling-based
Bayesian tracking framework. The likelihood function is
then enhanced by measuring the additional likelihood
value on the segmented region, psðYtjS½OðXðlÞt Þ�Þ:

p
�
YtjO

�
X
ðlÞ
t

��
� ps

�
YtjS

�
O
�
X
ðlÞ
t

���
�
Ym
i¼1

�
pp
�
YtjO

�
X
iðlÞ
t

��
ps
�
O
�
X
iðlÞ
t

�
jxðlÞt ; y

ðlÞ
t ;R

i
t

��
;

ps
�
YtjS

�
O
�
X
ðlÞ
t

���
¼ exp��sF2 I S OðXiðlÞ

t Þ½ �ð Þ;Mtð Þ;

ð8Þ

where S½OðXðlÞt Þ� represents the segmented region obtained
using the seeds centered on OðXðlÞt Þ, Mt indicates the whole
model of the target, and �s denotes the weighting parameter
set to 5. The whole model Mt is the image patch inside the
bounding box B, which is defined by

Bw ¼ max fx̂it�1g
m
i¼1

� �
�min fx̂it�1g

m
i¼1

� �
;

Bh ¼ max fŷit�1g
m
i¼1

� �
�min fŷit�1g

m
i¼1

� �
;

Bc ¼ min fx̂it�1g
m
i¼1

� �
þB

w

2
;min fŷit�1g

m
i¼1

� �
þB

h

2

� �
;

ð9Þ

where Bw, Bh, and Bc denote the width, height, and
center of the imaginary bounding box B constructed by
all local patches fX̂i

t�1g
m
i¼1, respectively, and x̂it�1 and ŷit�1

indicate the x and y positions of the MAP state of the
ith local patch at time t� 1, respectively. In (8), our
method uses the segmented region to compute the
histogram. The function F2 returns Bhattacharyya simi-
larity [14] between the HSV histogram of the segmented
region S½OðXðlÞt Þ� and Mt. Using (8), our method could
cover severe scale changes in the target. Notably, the
segmentation method reconstructs as much of the regions
of the target as possible and provides the global
information of the target appearance. Hence, the new
likelihood function considers missed regions of the target
while measuring the likelihood score, where the missed
regions are typically made due to severe scale changes.

5 UPDATE OF THE APPEARANCE MODEL

In this process, the local patches in our appearance model
are newly added, deleted, or moved to a different position
via online update.

5.1 Initialization of Patches

The initial positions of patches have to be chosen
carefully for image alignment. Thus, the condition
number K of the Hessian Matrix H is used for measuring
the goodness of a patch:

K ¼ �maxðHÞ
�minðHÞ

; ð10Þ

where �maxðHÞ and �minðHÞ denote the maximal and
minimal singular values of H, respectively. In (10), the
small K means that the matrix is numerically stable.1

To initialize the patches, a bounding box around the
target is drawn manually, and the center of the first local
patch within the bounding box is chosen as the point with
the least K value. The size of the patch is determined
randomly. The second patch is chosen as the point with the
next least K value. Hence, this patch does not overlap with
the existing local patches. The procedure is repeated and
terminated only when there is no space to make local
patches or the number of local patches reaches a predefined
value. Fig. 4 shows the patch initialization process.
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Fig. 3. Process of segmentation in the transformer seq. To construct a
background patch, we first choose the nearest bounding line to each
foreground patch. Then, we select a center position of the background
patch outside this bounding line, which is in the perpendicular direction
of the line, to place the patch 20 pixels away from the bounding box. The
size of a background patch is equal to that of a foreground patch.

Fig. 4. Example of patch initialization in the diving seq. (b) 50 points that
have small K and (c) 15 initialized local patches.

1. The Hessian matrix is defined by H ¼
P

x ½rI @W@p �
T ½rI @W@p �, where W is

the warp matrix, p is the warping parameter, and rI is the image gradient

[19]. To update the warping parameter during image alignment, the inverse

Hessian matrix H�1 must be used. Therefore, numerical stability is

important.



5.2 Examination of Patches by LLA

When the landscape of the local mode (LLM) of each patch has

good properties, the proposed appearance model reliably

estimates the likelihood in (8), which is important for the

success of tracking. Smoothness and steepness are used to

characterize LLM. Smooth (rough) LLM means that local

modes are gathered (scattered) in a narrow (wide) region of

a solution space, whereas steep (gradual) LLM indicates

that these local modes have a steep (gradual) shape. Both

smooth and steep LLM guarantee that there is a very strong

local mode for the patch. Fig. 5 shows examples of different

LLM types.
To measure these properties quantitatively, a new

method of measurement inspired by Han and Davis [6] is

designed. The degree of smoothness Dsm of the ith local

patch is measured as the variance on the positions of the

local modes of the patch:

DsmðiÞ ¼
1�� 1

N

PN
l¼1

�
O
�
X
iðlÞ
t

�
� 1

N

PN
l0¼1 O

�
X
iðl0Þ
t

��2��
2

; ð11Þ

where Oð�Þ finds local modes for the N number of samples

of the ith local patch. The degree of steepness Dst of the

ith local patch is measured by the mean distance between

the positions of samples and of local modes:

DstðiÞ ¼
1

1
N

PN
l¼1

��O�XiðlÞ
t

�
�
�
x
iðlÞ
t ; y

iðlÞ
t

���
2

: ð12Þ

With the new methods of measurement in (11) and (12), the

status of local modes, such as that in Table 1, could be

determined. Figs. 6a and 6b, respectively, show the

qualitative and quantitative results of LLM for four

different cases in the diving seq. In case 1, the proposed

method can track the patch robustly because there is no

ambiguous region around it, whose appearance is similar

to that of the patch. However, the method frequently fails to

track the patches in cases 2, 3, and 4 because of background

clutter, similar textures, and homogeneous regions around

the patches. Therefore, these patches should be modified.

This modification is explained in Section 5.4.

5.3 Online Feature Selection via LLA

In the real-world tracking environment, the photometric

appearance of a target object also changes severely because

of varying illumination conditions, as described in Fig. 7a.

To track the target robustly in this environment, the

proposed method uses locally different features to describe

the target, as shown in Fig. 7b. Thus, some portions of

the target are expressed as a feature and other portions as

other features. This can be done efficiently by allowing the

local patches to have different features. Note that a

different feature makes a different LLM. Therefore, the

proposed method can choose a robust feature for each

patch by analyzing the LLM of the patch. If the chosen

feature describes the target’s current appearance well, the

corresponding LLM of the patch should be smooth and

steep. Otherwise the LLM is rough and gradual, as

illustrated in Fig. 7c. With this robust feature, the

proposed method can cope with local appearance changes

of the target efficiently and track it robustly, even with

local illumination changes.
The improvement of the LLM of the patches by selecting

features in the proposed method can be measured by

SLLM ¼ 1
m

Pm
i¼1 DsmðiÞ þ 1

m

Pm
i¼1 DstðiÞ, where DsmðiÞ in (11)

and DstðiÞ in (12) return the degree of smoothness and

steepness of the ith local patch, respectively. In Fig. 7, SLLM
increases from 7.14 to 61.96 by adaptively selecting the Hue,

Saturation, and Value features, compared with the Value

feature only.

5.4 Online Modification of Patches

According to the results of the LLA in Sections 5.2 and 5.3,

bad patches can be identified as those with rough or
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Fig. 5. Example of the likelihood landscape type. The green curve
indicates the likelihood landscape of the local patches. Red circles
denote samples of a local patch. Blue circles represent local modes of
these samples.

Fig. 6. Experimental results of the LLA. Red squares denote samples of
a local patch. Blue squares represent the local modes of these samples.

TABLE 1
The Status of Local Modes

Fig. 7. Feature selection process at frame #81 in the snowboard seq.
(a) Region A is under severe the illumination changes. (b) Red, green,
and blue squares denote local patches, which take hue, saturation, and
value as a feature, respectively. As shown in the figure, the proposed
method adaptively chooses a different feature for each local patch.
(c) To describe region A, the hue and saturation (HS) features are better
than the value (V ) feature because they make the likelihood landscape
smooth and steep.



gradual LLM. These bad patches are modified online. Two
criteria for modification are provided such that:

. Criterion 1: A modified local patch has to be similar
to the foreground and dissimilar to the background.

. Criterion 2: A modified local patch has to be far from
other local patches.

The first criterion prevents local patches from drifting
away from an object and into a background. On the other
hand, the second criterion allows local patches to cover as
many different parts of the object as possible. The first
criterion is formulated by

exp��F2ð~X
i

t;FMÞ

exp��F2ð~X
i

t;BMÞ
� �C1;

where ~X
i

t denotes the modified ith local patch, F2 returns
the Bhattacharyya similarity between two HSV histograms,
and � indicates the weighting parameter. The foreground
model FM is constructed by the average of HSV histograms
of unmodified local patches, and the background model
BM is made by the HSV histogram of a background local
patch. The process of constructing the background local
patch is illustrated in Fig. 3a. The second criterion is
formulated by k~X

i

t �Xj
tk2 � �C2, for 8j and j 6¼ i.

When the above two criteria are satisfied, modifications
are performed by adding new patches or by deleting or
moving bad patches. First, the proposed method makes
several attempts to find a patch that satisfies the above
criteria, whereby a bad patch is moved via the Gaussian
perturbation centered on the current position. If the moved
patch satisfies the above criteria within the predefined
number of iterations, the bad patch is replaced with the
moved patch. If not, the bad patch is deleted. Second, a new
patch that satisfies the aforementioned criteria is added by
choosing a new position for the patch using the condition
number explained in Section 5.1. If the new patch satisfies
the aforementioned criteria within half the number of
predefined iterations, the new patch is added.

6 INFERENCE VIA THE ABHMC SAMPLING

The solution space generally becomes larger as the number
of local patches in our appearance model increases. Thus,
the conventional MCMC method is inefficient for comput-
ing the integration in (1). Therefore, the BH sampling
method [36] is introduced in the tracking problem to
provide a better performance in such high-dimensional
solution spaces. The BH sampling method consists of two
main steps, similar to the conventional MCMC method,
namely, the proposal and acceptance steps.

6.1 Proposal Step

For the proposal step, three different proposal densities
are used, namely, Q1, Q2, and Q3, as illustrated in Fig. 8. The
proposal density Q1 is used once at the start of each
frame to connect the previous frame to the current one. In
Q1, the center of an object is assumed to be near the centroid
formed by all local patches. And the scale of the object
should be determined; thus, the bounding box contains all
local patches compactly. With these assumptions, the
proposal density Q1 is designed whose proposal variance

changes adaptively according to the states of local patches.

Then, the adaptive proposal is

Q1

�
x
ð1Þ
t ; x̂t�1

�
¼ G

�
x̂t�1; �

2
x

�
þ �x�x;

Q1

�
y
ð1Þ
t ; ŷt�1

�
¼ G

�
ŷt�1; �

2
y

�
þ �y�y;

Q1

�
s
ð1Þ
t ŝt�1

�
¼ G

�
ŝt�1; �

2
s

�
þ �s�s;

ð13Þ

where Q1ðxð1Þt ; x̂t�1Þ and Q1ðyð1Þt ; ŷt�1Þ indicate that the first

sample of the object center ðxð1Þt ; y
ð1Þ
t Þ at the current frame is

proposed based on the MAP state of the object center

ðx̂t�1; ŷt�1Þ at the previous frame. In (13), �x, �y, and �s
denote the adapting constant set to 0.3, 0.3, and 0.01,

respectively, and �x, �y, and �s represent the adapting

parameters defined by

�x ¼

�x þ 1 if x̂t�1 �
1

m

Xm
i¼1

x̂it�1

�x � 1 if x̂t�1 	
1

m

Xm
i¼1

x̂it�1

�x otherwise;

8>>>>>><
>>>>>>:

�y ¼

�y þ 1 if ŷt�1 �
1

m

Xm
i¼1

ŷit�1

�y � 1 if ŷt�1 	
1

m

Xm
i¼1

ŷit�1

�y otherwise;

8>>>>>><
>>>>>>:

;

�s ¼

�s þ 1 if ŝt�1 �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
B2
w þB2

h

q
B0

�s � 1 if ŝt�1 	

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
B2
w þB2

h

q
B0

�s otherwise;

8>>>>>>><
>>>>>>>:

ð14Þ

where Bw and Bh, respectively, denote the width and
height of the bounding box B defined by (9), and B0

denotes the initial diagonal size of the bounding box of the
target. In (14), �x, �y, and �s initially have zero value and
range from �5 to 5.

Within each frame, the proposal density Q2 proposes a
new sample of the object center ðxðlþ1Þ

t ; y
ðlþ1Þ
t Þ and scale
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Fig. 8. Process of the proposal step in the high-jump seq. (a) At the start
of frame t, our method proposes a new center and scale of the object
(green circle and dotted green rectangle) based on the positions of local
patches (blue rectangles) at frame t� 1 usingQ1 in (13). In the example,
a new center is proposed in the right direction because the centroid of
the local patches (blue circle) is located to the right of the object center
(red circle). A new scale is proposed in the growing direction because
the imaginary bounding box constructed by the local patches (dotted
blue rectangle) is bigger than the current bounding box (red rectangle).
(b) Within frame t, a new center and scale of the object (green circle and
dotted green rectangle) are sampled by Q2 in (15). (c) After proposing a
new center and scale of the object, a new center of each local patch
(white circle) is determined by Q3 in (16).



s
ðlþ1Þ
t , given the previous sample ðxðlÞt ; y

ðlÞ
t Þ and s

ðlÞ
t , respec-

tively, via Gaussian perturbation:

Q2

�
x
ðlþ1Þ
t ;x

ðlÞ
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�
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ðlÞ
t ; �

2
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�
;

Q2

�
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;
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t ; s

ðlÞ
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s
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where G denotes the Gaussian distribution with mean x
ðlÞ
t ,

y
ðlÞ
t , and s

ðlÞ
t and variance �2

x, �2
y, and �2

s to propose the new
center and scale, respectively.

The center position of each local patch is determined
using the proposal density Q3:

Q3

�
X
iðlþ1Þ
t ; Ri

t

�
¼
�
x
ðlþ1Þ
t ; y

ðlþ1Þ
t

�
þRi

t; for i ¼ 1; . . . ;m;

ð16Þ

where X
iðlþ1Þ
t is a new sample of the center position for the

ith local patch, ðxðlþ1Þ
t ; y

ðlþ1Þ
t Þ is a new sample of the object

center obtained by (15), and Ri
t is the parameter estimated

by (7).

6.2 Acceptance Step

Most performance in the BH sampling method comes from
the novel acceptance step. The primary difference between
the conventional acceptance ratio in Section 3.1 and that
of the BH sampling method is that the acceptance ratio of
the BH sampling method is calculated by the likelihood
ratio at the local mode of the state. Thus, the acceptance ratio
is defined by

a ¼ min 1;
p
�
YtjO

�
X
ðlþ1Þ
t

��
Q
�
X
ðlÞ
t ; X

ðlþ1Þ
t

�
p
�
YtjO

�
X
ðlÞ
t

��
Q
�
X
ðlþ1Þ
t ; X

ðlÞ
t

�
" #

; ð17Þ

where QðXðlþ1Þ
t ; X

ðlÞ
t Þ represents the proposal density

defined in (13), (15), (16), and pðYtjOðXðlÞt ÞÞ in (8) returns
the likelihood value at the state of the local mode. The state
of the local mode is easily found by a mode-seeking method
such as the Lucas-Kanade image registration method [19],
as shown in Fig. 9a.

The BH sampling method transforms the rough like-
lihood landscape of the original solution space into a simpler
one using robust local optimization techniques in the
sampling process, as depicted in Fig. 9b. In a new
transformed landscape, the minima of the original landscape
are no longer of concern in the sampling process. Hence, a
greater chance exists for reaching the global optimum with a
smaller number of samples. In all experiments, 20 samples
are sufficient to obtain the MAP estimate. Fig. 9c illustrates
the advantage of our simplified landscape.

The proposed method robustly tracks a highly non-
rigid target with the advanced appearance model using
the topology between local patches, new online-updating
scheme using the LLA, and the efficient inference method
using the Basin Hopping sampling. Algorithm 1 illus-
trates the whole process of our tracking method, includ-
ing local patch-based dynamic appearance modeling and
ABHMC sampling.

Algorithm 1. ABHMC-FS

Input: Xt�1 ¼ ðxt�1; yt�1; st�1;X
1
t�1; . . . ;Xi

t�1; . . . ;Xm
t�1Þ

Output: X̂t ¼ ðx̂t; ŷt; ŝt; X̂
1

t ; . . . ; X̂
i

t; . . . ; X̂
m

t Þ

1: Initialize patches using (10) in an initial frame.

2: Propose x
ð1Þ
t ,y

ð1Þ
t and s

ð1Þ
t using Q1 in (13).

3: for l ¼ 1 to N � 1 do

4: Propose x
ðlþ1Þ
t , y

ðlþ1Þ
t , and s

ðlþ1Þ
t using Q2 in (15).

5: Determine X
iðlþ1Þ
t for all i using Q3 in (16).

6: Obtain SðXðlþ1Þ
t Þ with the process described

in Section 4.2.

7: Calculate the likelihood score using (8).

8: Accept X
ðlþ1Þ
t with probability (17).

9: end for

10: Estimate the MAP state X̂t using (2).
11: Select patches to be modified using (11) and (12).

12: Choose features of the patches using the method

described in Section 5.3.

13: Modify the patches using the criterion 1 and 2

introduced in Section 5.4.

14: Obtain updated parameters Mi
tþ1 and Ri

tþ1 using

(5) and (7).

7 EXPERIMENTAL RESULTS

For the experiments, 17 video sequences2 were tested,
namely, the snowboard, diving, high-jump, transformer, and
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Fig. 9. Process of the acceptance step in the high-jump seq. (a) A state
(red circle) is moved to the state of the local mode (blue circle) using a
local optimizer. The states of the local modes represent the states of the
local patches changed via affine transformation (blue rectangles).
(b) After all states (red circles) proposed by Q in (13), (15), and (16)
are moved to the states of local modes (blue and green circles), the
original landscape (green curve) is transformed into a simpler one (red
line). (c) In the simplified landscape, our sampler can easily reach the
global optimum (blue circle) from the local optima (green circles) via the
shorter path (dotted red arrows). On the other hand, the conventional
sampler has difficulty reaching the global optimum because the longer
path (dotted black arrows) contains the down direction.

2. The source code, test datasets, and result videos are available at
http://cv.snu.ac.kr/research/abhmcfs/.



gymnastic sequences in [9], the femaleskater, maleskater,
indiandancer, and dancer sequences in [26], the dinosaur and
hand2 sequences in [23], the motocross2 and skiing sequences
in [24], the coke, girl, tiger1, and tiger2, sequences in [3], [37],
[38]. The proposed algorithms (ABHMC, ABHMC-F,
ABHMC-FS) are compared with eight different state-of-
the-art tracking methods, namely, Mean-Shift tracker (MS)
based on [13], [39], Standard MCMC (MCMC) based on [31],
Incremental learning for Visual Tracking (IVT) in [10],
Fragment-based tracker (FRAGT) in [25], Block Histogram-
based Tracker (BHT) in [26], Multiple Instance Learning
tracker (MIL) in [3], Local Global Tracker (LGT) in [23], and
Hough-based Tracker (HT) in [24].

ABHMC denotes our original method in [9]. ABHMC-F
denotes the improved version of the ABHMC with adaptive
feature selection. ABHMC-FS is the final version, which
utilizes rough segmentation results. All parameters of the
proposed method are fixed for all experiments. �p in (4), �g in (6), !
in (5), (7), �s in (8), �sm, �st in Table 1, �C1, �C1 in Section 5.4,
and M are set to 30, 1.0, 0.5, 5.0, 1.0, 0.25, 2.5, 5.0, and 50,
respectively. Although the parameters were determined
empirically, the proposed methods were not sensitive to all
these parameters.

MCMC uses an HSV color histogram for the appearance
model as in [14] while dividing an object into the upper and
lower body. Proposal variances of the MCMC are set to 8
and 4 for the x and y directions, respectively. The
parameters of other trackers are adjusted to produce the
best tracking performances. Note we used the codes of
the other methods provided by the authors in [3], [10], [23],
[24], [25], [26]. We obtained the ground truths of the
publicly available datasets from the corresponding authors,
and constructed those of our datasets manually.

7.1 Efficiency of the Proposed Appearance Model

7.1.1 Qualitative Performance

Fig. 10 presents the qualitative performance of the dynamic
appearance modeling scheme in the diving seq. This
sequence includes severe geometric changes of the target
appearance as shown in Fig. 10d, which depicts the angle
and distance changes of the head position with respect to
the center position of the target object over time. Even
under severe geometric changes of the object appearance,
our method successfully tracked the object. The first row of
Fig. 10 illustrates our constructed appearance models,

where blue squares denote unmodified local patches and
green ones denote modified ones. The second row of Fig. 10
represents the local modes of the patches as white squares
and the estimated center of the object as a red point. Fig. 10
shows the robustness of our online appearance model. In
Fig. 10a, some local patches in the background region are
removed from the next frame because their local modes had
very rough landscapes and did not satisfy the two
modification criteria in Section 5.4. Additionally, the
proposed algorithms dealt with the occlusion of the object
by deleting the occluded patches adaptively. As shown in
Fig. 10c, the algorithm reduced the number of local patches
from 15 to 4.

7.1.2 Quantitative Performance

To evaluate the performance of the dynamic appearance
modeling scheme qualitatively, the numbers of modified
and unmodified local patches in each frame were verified.
As illustrated in Fig. 11a, our appearance model actively
moves, deletes, or adds patches based on the LLA at each
frame. This means that the topology between the local
patches in the model evolves as time goes on. Fig. 11b
shows that the proposed appearance model adaptively
modifies the position and number of patches, particularly
when geometric appearance of the object is drastically
changing. The proposed methods successfully capture the
movements of the head, legs, and arms without a specific
model for the target object.

We further evaluated the efficiency of the dynamic
appearance modeling scheme using the LLA. Table 2
demonstrates how our dynamic appearance modeling
scheme enhances the LLMs of the patches in the appear-
ance model. As mentioned before in Section 5.3, the
robustness of the proposed appearance model can be
measured as SLLM . For example, the model is evaluated
as a larger value SLLM if it is composed of good local
patches with smoother and steeper LLMs. To obtain good
local patches, our dynamic appearance modeling scheme
adopts the online update step in Section 5.4 and the feature
selection step in Section 5.3. After the online update and
feature selection steps, the LLMs of the patches in the
appearance model have become very smooth and steep,
indicating that the model discriminates the object from the
background well. Therefore, with this model, our trackers
tracked the object robustly despite severe photometric and
geometric appearance changes. Instead of color features,
other features such as Gabor filters could be utilized in the
C step. However, the Gabor filters did not provide good
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Fig. 10. The efficiency of local patch-based dynamic appearance
modeling in the diving seq.

Fig. 11. Number of stable, moved, and newly added patches in the
gymnastics seq. (b) Among 27 local patches, 23 patches are moved at
frame #32, 22 at frame #90, 22 at frame #153 and, 20 at frame #195,
where green squares denote the moved patches and blue squares
denote the stable ones.



LLMs, rather making them very rough and gradual as
demonstrated by the C* step in Table 2. This means that the
sampling method using Gabor filters needs a very long
time to find the global optimum as compared with the
method using color features. Hence, with the limited
number of samples, the sampling method using Gabor
filters has difficulty in reaching the global optimum.

7.2 Efficiency of the Proposed ABHMC Sampling

7.2.1 Property of Sampling Strategy

To evaluate the performance of the ABHMC sampling more
analytically and qualitatively, it was compared with the
standard MCMC-based tracking algorithm [31]. In this
experiment, the test video only contained a rigid object for
fair comparison. An equal number of samples, the same
appearance model, and the same transition model for both
methods were used. Note that one particularly good
property of the ABHMC sampling is that it can easily jump
over a deep basin by transforming a likelihood landscape
into a simpler one. Thus, the depth of basins are lowered, and
the ABHMC sampling can frequently accept the proposed
samples. As shown in Fig. 12a, our tracking algorithm had
higher acceptance rates than the standard MCMC method.
This means that the proposed methods easily escape from the
local optima and obtain more diverse samples.

Autocorrelation time measures the degree of statistical
independence between samples [41]. This independence
property is important in reducing the statistical error. If the
samples are highly correlated, the statistical error does not
decrease at the rate of the square root of the number of
samples. Fig. 12b illustrates the integrated autocorrelation
time �int, where �int of the ABHMC sampling was smaller
than that of the MCMC sampling and the Annealed
Importance Sampling (AIS) [40]. This finding suggests that

the ABHMC sampling method produces highly uncorrelated
samples, which sufficiently minimizes the statistical error of
the MAP estimate in (2).

7.2.2 Efficiency of Sampling Strategy

The appearance model generally consists of 20 to 50 local
patches, indicating a very large solution space. The
proposed methods, however, use a very small number of
samples, 20, in all experiments for tracking an object. This
performance typically benefits from the ABHMC sampling.
Fig. 13 quantitatively demonstrates that the ABHMC
sampling requires a smaller number of samples, compared
with the MCMC sampling and the AIS method, to reach a
similar tracking performance. For example, the ABHMC
sampling needed only five samples to obtain the tracking
accuracy of 0.7 in the Gymnastics seq., whereas the MCMC
needed more than 100 samples. Additionally, the figure
shows that the ABHMC sampling maintains the best
performance even with a drastically small number of
samples. In all sequences, the ABHMC sampling produced
the most accurate results, regardless of the number of
samples. The main advantage of the ABHMC sampling is
that it combines the stochastic method with the determi-
nistic method. Hence, it has good properties from both the
stochastic and deterministic methods. Using the determi-
nistic method, the ABHMC sampling quickly finds several
local minima and thus needs only a small number of
samples to get the solution. The stochastic method prevents
the method from getting trapped in a certain local
minimum. On the other hand, the MCMC sampling and
the AIS method require a large enough number of samples
to obtain a good solution because they only employ the
stochastic process.

In the theoretical aspect, the simulated annealing
method and its variants such as the AIS method suffers
from the notorious “freezing” problem, as reported in [42].
The freezing problem occurs because the escape rate from
local minima diverges with decreasing temperature. The
ABHMC sampling ameliorates this problem and simplifies
the original likelihood landscape by replacing the like-
lihood of each conformation with the likelihood of a
nearby local minima. This replacement eliminates high-
likelihood barriers in the stochastic search that are
responsible for the freezing problem in simulated anneal-
ing, as reported in [43].

7.3 Accuracy of the Proposed Tracking Methods

7.3.1 Effect of Parameter Settings

Tracking accuracy could be dependent on several para-
meters. Thus, the robustness of ABHMC-FS is evaluated to
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Fig. 12. Property of the ABHMC sampling in the car4 seq. in [10] (a) The
acceptance rate is defined by the number of accepted samples over the
total number of samples in each frame. (b) To derive �int, each method
used 500 samples. AIS denotes the Annealed Importance Sampling
method in [40].

Fig. 13. Efficiency of the ABHMC sampling. (a) and (b) The
tracking accuracy as the number of samples increases. In the
experiments, the tracking accuracy was obtained by
Pascal score using the current number of samples

Best Pascal score 
100. AIS denotes the Annealed
Importance Sampling method in [40].

TABLE 2
LLA of the Proposed Appearance Model

A step: Local patch-based appearance modeling step, B step: Online
updating step after A step, C step: Feature selecting step after B step.
C* step: Other features (Gabor filters) were used for step C. The
numbers indicate SLLM in Section 5.3. Larger SLLM indicates a better
likelihood landscape.



the variation of the parameters. As shown in Figs. 14a, 14b,
14c, 14d, 14e, 14f, 14g, 14h, and 14i, our method was not
severely sensitive to all these parameters, although the
tracking accuracy slightly decreased if the parameter
values extremely increase. ABHMC-FS made our original
ABHMC less sensitive to the parameter settings by
employing the global appearance model. Fig. 14a illustrates
the tracking accuracy as the maximum number of local
patches increases. If this value is increased, the local
patches can cover a larger portion of the object region.
However, the risk that the local patches may cover
background regions also increases. Fig. 14b shows the
tracking accuracy as the parameter �C1 increases. The
parameter �C1 is the threshold value of likelihood over foreground

likelihood over background ,
which is described in Section 5.4. If �C1 is increased, the
method reduces the chances of creating a false positive of
the local patches. However, the chances of creating a true
positive are also reduced. Fig. 14c describes the tracking
accuracy as the parameter �C2 increases. The parameter �C2

is the threshold value of the distance between neighbor
patches, which is also described in Section 5.4. If �C2

increases, the ability to explore a missed object region is
improved. However, the ability to exploit the fine object
region is decreased. Figs. 14d, 14e, and 14f show the
tracking accuracy as likelihood parameters, �p, �g, and �s,
increase. The parameters, �p, �g, and �s adjust the weights
of photometric, geometric, and segmentation factors in the
likelihood function, respectively. The likelihood models
have different weights by assigning different values to �p,
�g, and �s in (3) and (8). Although these weights can be
made adaptive to the tracking environment, we set them
fixed to simplify our algorithm. This is feasible because the
weights does not have much affect on the tracking
performance, as demonstrated in Figs. 14d, 14e, and 14f.
Figs. 14g and 14h illustrate the tracking accuracy as the
LLM parameters, �sm and �st increase. The parameters �sm
and �st are the threshold values to determine the
smoothness and the steepness of LLM, respectively. If

�sm and �st increase, local patches are more frequently
updated because LLMs of local patches are considered as
bad (rough and gradual) ones. Hence, our method can
cover drastic appearance changes of the targets. However,
the method has difficulty in handling gradual appearance
changes of the target. Fig. 14i describes the tracking
accuracy as the appearance updating parameter ! in-
creases. The parameter ! adjusts weights of old and new
appearances of the target to construct the appearance
model. If ! increases, the appearance model is constructed
by reflecting the current appearance more rather than the
old one. Hence, the tracking method accurately tracks the
target even though the appearance frequently changes.
However, the constructed appearance model can be easily
corrupted because the current appearance may contain
erroneous tracking results.

7.3.2 Comparison Among the Proposed Methods

Using multiple features (ABHMC-F) and additional seg-
mentation results (ABHMC-FS), we enhanced the perfor-
mance of ABHMC, as shown in Table 3. ABHMC-FS always
outperformed ABHMC and ABHMC-F. Note that the gray
test sequences, including dancer, femaleskater, indiandancer,
and maleskater, do not provide multiple (color) features.
Hence, the results of ABHMC-F for these sequences are
unavailable.

As shown in Table 3, the most important steps which
contribute to the final tracking performance are the online
updating step and the segmentation step. These results
demonstrate that our original ABHMC proposed in [9] is
robust because it includes the online updating step, and our
ABHMC-FS is more robust because it includes the
segmentation step as well. According to the experiment,
to track the highly nonrigid object accurately, the local
patch-based appearance model should be modified via
online update like ABHMC. And the appearance model
should include both the local and global appearance of the
target like ABHMC-FS.

Table 3 also shows the computation time of each
individual component in ABHMC-FS. The tracker takes
approximately 2 seconds per frame using the Pentium 4
quad core 2.4 GHz CPU. It is notable that our ABHMC
without the segmentation procedure (before the E step in
Table 3) is real time. It takes approximately 0.1 seconds per
frame. In spite of such a computational overhead, the
segmentation procedure in ABHMC-FS is very useful
because it greatly improves the tracking accuracy.

7.3.3 Comparison with other Tracking Methods

Table 4 summarizes the tracking results of nine different test
sequences that include objects whose geometric appearances
are changing drastically over time. ABHMC-FS most
accurately tracked the objects with the fixed parameters.
The LGT and HT trackers also robustly tracked the targets
and showed the second-best performance, where they are
the most recent tracking methods, especially for highly
nonrigid objects. However, these trackers were weak to
severe illumination changes in the snowboard and dinosaur
sequences. BHT and FRAGT showed good tracking perfor-
mance. Both, however, were weak when the geometric
appearance changes were more severe. Compared with
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Fig. 14. Experiments on parameter settings of ABHMC-FS. In

the experiments, the tracking accuracy was obtained by
Pascal score using current parameters

Best Pascal score 
100.



these methods, ABHMC-FS produced accurate tracking

results even though there were illumination changes and

deformation of targets at the same time. With the online-

feature selection process, ABHMC-FS constructed a good

appearance model using the selected local patches which

was robust to both the illumination changes and the

deformation of targets. With the segmentation process,

ABHMC-FS employed global appearance information and

prevented local patches from drifting into the background.

In comparison with the adaptive color-based tracking

algorithms like the MS and MCMC trackers, ABHMC-FS

produced better tracking results because the nonrigid

object severely changed its color appearance caused by

deformation, while the MS and MCMC trackers suffered
from drastic color changes. ABHMC-FS solved this problem
by considering geometry appearance as well as color
appearance of the object using the local patch-based
appearance modeling. In addition, ABHMC-FS successfully
tracked the targets in benchmark datasets such as coke, girl,
tiger1, and tiger2. Note that ABHMC-FS showed small
standard deviation, which means that the method produced
stable tracking results. The main reason for small standard
deviation is that ABHMC-FS partly utilizes the deterministic
method, which produces zero standard deviation.

In Figs. 15a, 15b, and 15c, videos that include back-
ground clutter similar to the object were tested. In the case
of other methods, trajectories were easily hijacked by the
background clutter with colors similar to those of the object,
when the object changes its geometric appearance. On the
other hand, our ABHMC-FS robustly tracked the object
despite the background clutter and geometric appearance
changes. Figs. 15d and 15e demonstrate how the proposed
method outperformed conventional tracking algorithms
during drastic geometric appearance changes. The conven-
tional tracking algorithms failed to track the object when the
positions of the head and legs were reversed. Fig. 15f shows
that the specific model of the object occasionally cannot
capture the drastic geometric changes of the object. The
proposed method also tracked thin parts of the object (e.g.,
arms or legs) and covered the greater parts of the object
area, whereas other methods failed to track such objects
accurately, as shown in Figs. 15g, 15h, 15i, 15j, 15k, and 15l.
The test video used in Figs. 15m, 15n, and 15o includes the
illumination and scale changes of an object. For tracking an
object that grows larger over time, the proposed method
extended the range between the center of an object and each
local patch, and added new patches. Moreover, by changing
the features of the patches adaptively, the proposed method
tracked the object successfully despite severe illumination
changes. Figs. 15p, 15q, and 15r show the comparison among
the proposed methods (ABHMC, ABHMC-F, and ABHMC-
FS). The improvement in tracking performance was signifi-
cant, especially in the snowboard seq., which includes severe
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TABLE 3
Quantitative Analysis of Individual Component

within the Proposed Methods

The numbers indicate tracking accuracy, which are evaluated by the

Pascal score [44]. The Pascal score is defined by the overlap ratio

between the predicted bounding box Bp and ground-truth bounding box

Bgt:
areaðBp\BgtÞ
areaðBp[BgtÞ. A step: Base-line step (MCMC, Section 3.1), B step: Local

patch-based appearance modeling step after A step (Section 4.1), C

step: Online updating step after B step (ABHMC, Sections 5.1, 5.2, and

5.4), D step: Feature selecting step after C step (ABHMC-F, Section 5.3),

E step: Segmentation step after D step (ABHMC-FS, Section 4.2).

TABLE 4
Quantitative Comparison with Other Methods

The numbers indicate mean and standard deviation of tracking accuracy, which are evaluated by the Pascal score [44]. These numbers were
obtained by running each algorithm five times. The Pascal score is defined by the overlap ratio between the predicted bounding box Bp and ground
truth bounding box Bgt:

areaðBp\BgtÞ
areaðBp[BgtÞ. The red mark represents the best results, whereas the blue mark represents the second-best results. All

parameters of the proposed method (ABHMC-FS) are fixed for this experiment.



illumination and scale changes. In the sequence, the ABHMC-

F efficiently dealt with the illumination change using multi-

ple features, and ABHMC-FS robustly handled the scale

change with the segmentation results.
Figs. 16a, 16b, 16c, 16d, 16e, 16f, 16g, 16h, 16i, 16j, 16k,

and 16l show the tracking results of the proposed
ABHMC-FS when only intensity values of gray sequences
are available. In this case, the method neither uses color
features nor chooses robust ones. The method, however,
robustly tracked the object in these sequences as well,
while our appearance model well described the geometric
appearance of the object using local patches and their local
modes. Figs. 17 and 18 demonstrate that ABHMC-FS
accurately tracks the targets in the recent challenging

datasets, including highly nonrigid objects, and in the
benchmark datasets, including pose variations and occlu-
sions of the objects.

8 CONCLUSION

In this paper, we have proposed a novel tracking algorithm
evolving a local patch-based appearance model by the
analysis of LLM. With the model, the algorithm robustly
tracked the object, whose geometric appearance is drasti-
cally changing over time, while efficiently finding the best
state of the object with the BH (Basin-Hopping) sampling.
By selecting robust features and using segmentation results,
the tracking performance was further enhanced. The
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Fig. 15. Qualitative comparison with other methods using color sequences. In (a) to (o), the green, magenta, cyan, yellow, and red rectangles denote
the bounding boxes of MCMC, IVT, FRAGT, BHT, and ABHMC-FS, respectively. In (p) to (r), the pink, white, and red rectangles denote the bounding
boxes of ABHMC, ABHMC-F, and ABHMC-FS, respectively.

Fig. 16. Tracking results of the proposed method using gray sequences. The red rectangles denote the bounding boxes of ABHMC-FS. White
squares describe the local modes of patches in our appearance model.

Fig. 17. Tracking results of the proposed ABHMC-FS using recent challenging sequences. The red rectangles denote the bounding boxes of
ABHMC-FS. White squares describe the local modes of patches in our appearance model.

Fig. 18. Tracking results of the proposed method using benchmark sequences. The red rectangles denote the bounding boxes of ABHMC-FS. White
squares describe the local modes of patches in our appearance model.



experimental results demonstrated that the proposed
method outperformed conventional tracking algorithms in
severe tracking environments. Future work aims at extend-
ing the proposed method to deal with severe occlusions and
multi-objects.
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