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Abstract— Object tracking is one of the important tasks for
mobile robot, and developing a robust and real-time visual
tracking algorithm which can adaptively capture the varying
appearance of target under challenging conditions for mobile
robot is still an open problem. The main challenges of visual
tracking for mobile robot come from variation of target’s
appearance and disturbance of environment. To cope with these
problems, one of the most important topics is how to select
the best tracking features. In this paper, we propose a novel
adaptive probabilistic tracking method with discriminative
feature selection for mobile robot. Different from the existing
adaptive tracking algorithms which select the discriminative
features in a finite feature set, the proposed method treats
feature selection as an estimation problem of the best feature
tunable parameters in a continuous space. The estimation of the
best tunable parameters and object tracking are implemented
via different particle filters with novel observation models. A
novel target model updating strategy is also proposed to adapt
to the varying appearance of target and resist gradual drift.
Experiments show the robustness of the proposed method under
challenging conditions.

I. INTRODUCTION
Visual tracking has been widely used in robot systems,
such as mobile robot guidance and human-robot interaction.
The main challenges in designing a robust tracker for a
mobile robot come from the intrinsic appearance variability
of target and the extrinsic disturbance of environment which
result in a non-linear and non-Gaussian dynamic system.
Therefore, a robust visual tracking algorithm should be able
to adapt to the varying appearance of target, and meanwhile
reduce the influence of environment. This paper focuses on
developing a robust tracker which can be embedded in the
mobile robot system that can adaptively capture the varying
appearance of target under challenging conditions, such as
quickly moving camera, pose and scale changes of target,
illumination changes, and similar object in background.
Numerous approaches for visual tracking with a moving
camera have been proposed, and these methods can be
mainly categorized as Active contour-based methods [1],
Template matching methods [2], Kernel-based methods [3]–
[5], Statistic methods for tracking [6]–[8], View-based or
appearance-based methods [9], [10], and Multi-strategy association methods [11], [12]. Most of the existing tracking
algorithms in dynamic scenes focus on the appearance of
target alone, and the target models are usually fixed during
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tracking or updated directly using the observed data which
may cause interfusion of background pixels, and the features
are often directly used without evaluation and selection.
Therefore, these trackers are vulnerable to be distracted
by nontarget regions with similar appearance. However, in
practice, target appearance and environment usually change
with time, especially when the object moves freely and the
robot platform also moves to follow the object, Therefore,
these methods can only work well for short duration and in
well-controlled environments.
Several adaptive tracking algorithms have been proposed
to cope with the varying appearance of target and environment by online discriminative feature selection [13]–[17].
These methods did important and excellent works and have
been proved effective. In most of these methods, a finite set
of candidate features, such as Haar wavelet features [13],
the linear combinations of the basic R, G, B pixel values
[14], and other multiple cues [15], are chosen initially, and
then the most discriminative ones are selected for tracking.
The features can be evaluated in different ways, such as
Fisher Linear Discriminant (FLD) [13], variance ratios [14],
Principal Component Analysis (PCA) [16] and KullbackLeibler distance [17]. These methods usually search the best
features in a predefined set of features but not in a continuous
feature space, and the selected features changes from ones to
other completely different ones, which may cause instability
during tracking especially under challenging conditions.
The challenges of visual tracking, such as varying appearance of target and cluttered background, usually result
in a non-linear and non-Gaussian dynamic system. Particle
filter [18] has become popular for visual tracking due to
its effectiveness for nonlinear and non-Gaussian dynamic
system. To deal with challenging conditions, several specific
particle filters have been proposed, such as the adaptive
color-based particle filter [19], the cascade particle filter with
discriminative observers of different life-spans [20], particle
filter with feature evaluation and selection [13], [17], and
particle filter with reliable particle selection [6].
To adapt to the varying appearance of target, the target
model should be updated with time. The existing model
updating methods usually use the initial appearance of target
[14], [15], [21] or key frames [22] as prior knowledge, and
these methods may become ineffective when target appearance changes drastically. Furthermore, adaptability may also
become a problem, due to gradual drift which is still an
unsolved problem in many adaptive tracking algorithms.
In this paper, we propose a novel adaptive probabilistic
tracking algorithm with discriminative feature selection for

mobile robot, and the main features and contribution of this
paper are as follows:
1) The discriminative feature is selected from a continuous feature space rather than from a finite candidate
set. Feature selection is reduced to an estimation problem of the best feature tunable parameters, which is
implemented by particle filter with a novel observation
model;
2) Then under the condition of the selected discriminative
feature, object tracking is achieved by the other particle
filter in which the background information is introduced to the observation model, and a novel dynamic
model is also designed;
3) To adapt to the varying appearance of target and
resist gradual drift, a novel target model updating and
extraction strategy is also proposed.
The proposed algorithm is evaluated under challenging
conditions, and experiment results demonstrate its robust
performance.
II. PARTICLE F ILTER FOR T RACKING
Particle filter was originally used to track curves in dense
visual clutter [24], and then improved by many researchers
[6], [19], [25], [26]. In this section, we briefly review the
conventional particle filter algorithm.
Let xt denotes the state of target at time t, and Zt =
{z1 , · · · , zt } denote all the observations up to time t. The
tracking problem is reduced to estimate the value of the hidden state variable xt using the given data Zt . The posterior
density p(xt |Zt ) can be obtained recursively in two steps:
prediction and update. The prediction step can obtain the
prior posterior density of the state at time t via the ChapmanKolmogorov equation
Z
p(xt |Zt−1 ) = p(xt |xt−1 )p(xt−1 |Zt−1 )d xt−1 . (1)
The update step uses the available measurement zt to
update the prior posterior density p(xt |Zt−1 ) via Bayes’ rule
p(xt |Zt ) = R

p(zt |xt )p(xt |Zt−1 )
.
p(zt |xt )p(xt |Zt−1 )d xt

(2)

The posterior density p(xt−1 |Zt−1 ) can be approximated
by a finite set {snt−1 }N
n=1 of N particles, each of which is
n
associated with a importance weight πt−1
to form St−1 =
PN
n
n
N
n
{st−1 , πt−1 }n=1 , n=1 πt−1 = 1. Each particle represents
one hypothetical state of target. The probabilities p(zt |xt )
and p(xt |xt−1 ) correspond to an observation model and a
dynamic model respectively. Then we resample St−1 to reach
0
n
a new set of samples with equal weights {st−1
, 1/N }N
n=1
through the importance sampling strategy, and propagate
0
0
n
st−1
to stn based on the dynamic model.
Given the new observation zt , the weight of each particle
snt can be measured by
πtn ∝ p(zt |xt = snt )

(3)

and the state of target can be estimated by
E(xt ) =

N
X

πtn snt .

(4)

n=1

Particle filter takes the model uncertainties into account
and considers multiple state hypotheses simultaneously.
Therefore, it can easily escape from local minimum which
improves robustness over the deterministic methods.
III. D ISCRIMINATIVE F EATURE S ELECTION WITH B EST
T UNABLE PARAMETERS E STIMATION
The main aim of feature selection is to adaptively find the
appropriate features which have the most discriminative abilities between the tracked object and surrounding background.
Due to the continuous nature of video, the discriminative
features which are determined by the content of each frame
should also keep some continuous properties between two
adjacent frames. Therefore, we reduce the discriminative
feature selection problem to an estimation problem of the
best feature tunable parameters, which is implemented in a
continuous space rather than from a finite candidate set.
The feature space used here is composed of linear combinations of the R, G, B pixel values with continuous tunable
parameters, which is defined as
F = wR R + wG G + wB B, (wR , wG , wB ) ∈ R3

(5)

where (wR , wG , wB ) denote the tunable parameters, and
they are not limited in a predefined finite set, such as the 49
candidate set in [14], but estimated in a continuous space.
Besides the linear combination of R, G, B pixel values, other
features with tuneable parameters also can be used in the
proposed method.
The effectiveness of a feature is evaluated based on its
discriminative ability between the tracked object and surrounding background, i.e., the best tunable parameters are determined by the current appearance of target and background.
The appearance of the tracked object and background should
remain similar between two adjacent frames, and the discriminative features should also keep some continuous properties,
i. e., the best tunable parameters should not suddenly jump
from one point to another distant point. Therefore, the best
tunable parameters can be estimated from the neighborhood
of the previous best point rather than from the whole parameter space. The current target and background observations
can not be obtained until target is localized, and we use the
previous observations to approximately represent them.
Then there are two tasks in our adaptive tracking framework: the estimation of the best tunable parameters of the
features used for tracking, and the estimation of the position
and scale of target. Here, we integrate the two tasks in one
framework, and then the target state can be defined as
st = (wtR , wtG , wtB , xt , yt , ξt , τt )
{z
} | {z }
|
wt

(wtR , wtG , wtB )

(6)

xt

where wt =
denotes the tunable parameter vector of the feature used for tracking, and xt =

input frame t

PFx

object tracking
P (xt z t −1 , z t )

tracked output
xt = ( xt , yt , ξ t ,τ t )

t+1

w t +1 = ( wtR+1 , wtG+1 , wtB+1 )
feature selection
PFw
p(w t +1 z t )
target and background
observations

Fig. 1. The process of best tunable parameters estimation and object
tracking.

(xt , yt , ξt , τt ) denotes the space state of target, including the
position coordinates (xt , yt ) and scale (ξt , τt ).
The discriminative abilities of the features used for tracking will significantly affect the estimation accuracy of target’s
position and scale, and meanwhile bad estimation of target’s
position and scale will also result in low discriminative tracking features. Therefore, the best feature tunable parameter
vector wt and target’s space state xt are interdependent. Let
Zt = {z1 , · · · , zt } denote all the observations up to time t,
then the tracking problem is reduced to estimate the value
of the hidden state variable xt using the given data Zt and
wt which is relying on the previous observations zt−1 .
In each frame, the best feature tunable parameter vector
wt is first estimated based on the previous observations zt−1 ,
and then we estimate the optimal target space state xt using
the current observations zt under the condition of the best
tunable parameter vector wt . In next subsection, we will
estimate the optimal wt and xt sequentially via different
particle filters.
IV. B EST T UNABLE PARAMETERS E STIMATION AND
O BJECT T RACKING VIA PARTICLE F ILTERS
The process of best tunable parameters estimation and
object tracking is given in Fig. 1. Two particle filters P Fw
and P Fx are used sequentially to approximate the posterior densities p(wt |zt−1 ) and p(xt |zt−1 , zt ) respectively,
due to their robustness to non-linear and non-Gaussian
dynamic system. The posterior densities p(wt |zt−1 ) and
p(xt |zt−1 , zt ) are approximated by two set of weighted
n Nx
n
n
w
samples {wtn , πw,t
}N
n=1 and {xt , πx,t }n=1 respectively, in
n
n
and πx,t
denote the sample weights, and Nw and
which πw,t
Nx denote the amounts of samples. Then with the obtained
observation zt after frame t, we also can get the best tunable
parameters wt+1 for frame t + 1.
A. Best Tunable Parameters Estimation
For frame t, we first select the most discriminative feature
by estimating the best tunable parameter vector wt =
(wtR , wtG , wtB ) via particle filter P Fw in which each sample
corresponds to a feature hypothesis. Each hypothesis is
evaluated based on their discriminative abilities between
foreground and background.
Considering the uncertainty in target localization, M
patches with the same size as target are extracted from

the small neighborhood of the previous target location to
construct the target observations Tt−1 . Similarly, R image
patches with the same size are extracted from the surrounding
background of target to construct background observations
Gt−1 .
The distributions of target and background are represented
by Hw -bin color histograms. For feature hypothesis wtn ,
m,(h)
w
let Owtn = {Owtn }H
h=1 , m = 1, · · · , M denotes the
set of the corresponding target observations, and Bwtn =
r,(h)
w
{Bwtn }H
h=1 , r = 1, · · · , R denotes the set of the background
observations. Then, the similarity between target model and
target observations can be measured by
ρ(Q

wtn

,O

wtn

)=

max

m∈{1,··· ,M }

Hw q
X
(h) m,(h)
Qwtn Owtn

(7)

h=1

where Qwtn denotes the current target model, and
ρ(Qwtn , Bwtn ) can also be measured in a similar way
ρ(Qwtn , Bwtn ) =

max

H q
X

r∈{1,··· ,R}

(h)

r,(h)

Qwtn Bwtn ).

(8)

h=1

Then the discriminating ability of feature hypothesis wtn
between foreground and background can be evaluated by
¯
¯
¯ρ(Qwn , Own ) − ρ(Qwn , Bwn )¯2
n
t
t
t
t
D(wt , Tt−1 , Gt−1 ) =
var(Owtn ) + var(Bwtn )
(9)
where var(x) = Ex2 − (Ex)2 is the variance. If
ρ(Qwtn , Owtn ) ≤ ρ(Qwtn , Bwtn ), the tracker is apt to be
distracted by background, then we set the corresponding
D(wtn , Tt−1 , Gt−1 ) to be a small positive value, such as
0.001 in our experiments.
Based on the evaluation function in (9), the likelihood of
feature hypothesis wtn can be measured by
p(zt−1 |wtn ) ∝ exp{−

λw
}
n
D(wt , Tt−1 , Gt−1 )

(10)

where λw is an experimentally determined constant.
n
The particle weight πw,t
is proportional to the likelihood
n
of the hypothetical observation, i.e., πw,t
∝ p(zt−1 |wtn ).
PNw n
The weights are normalized as n=1 πw,t = 1, and the best
tunable parameters are estimated by the expectation
E(wt |zt−1 ) =

Nw
X

n
πw,t
wtn .

(11)

n=1

The particles should be resampled with importance resampling strategy [18] and propagated using a dynamic model.
Based on the continuity assumption of tunable parameters,
the dynamic model for tunable parameters is defined as
p(wt |wt−1 ) = N (wt |wt−1 , Σw )

(12)

where N (wt |wt−1 , Σw ) denotes the Gaussian distribution with the mean wt−1 and the covariance Σw =
2
2
2
diag(σw
R , σw G , σw B ).
Fig. 2(a) shows a sample image and the probability image
associated with the best wt estimated by P Fw , which

(a)

(b)

best tunable parameters of feature

Fig. 2. (a) First row: a sample image and the current target model which
is at the upper left; second row: the probability image produced by the
most discriminative feature with best tunable parameters. (b) The probability
images associated with different tunable parameters (from left to right, and
top to down, the tunable parameters become from best to worst).
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n=1

To model the uncertainty in target motion and reduce
particles used for tracking, we use a Gaussian model to
describe the continuity of target motion, combining with a
uniform distribution to model the motion uncertainty, which
is partly inspired by [23]. The particles for target tracking
are propagated through the dynamic model

1

−0.5

observation of the particle defined by xt , and Bwt =
r,(h)
w
{Bwt }H
h=1 , r = 1, · · · , R denotes the set of the background
observations extracted in previous frame. The distance d(·)
between two histograms is derived
q from thepBhattachayya
PHw
O(h) Q(h) .
coefficient [5], and d(Q, O) = 1 − h=1
Then, in particle filter P Fx , the weight of particle xnt can
n
be measured by πx,t
∝ pwt (zt |xnt ), and the current space
state of target xt can be estimated by the expectation

p(xt |xt−1 ) = N (xt |xt−1 , Σx ) + R(∆xt−1 )U (0, 1) (15)
400

450

500
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Fig. 3. The continuous variation of the best tunable parameters of features
used for tracking in experiment shown in Fig. 5.

denotes the probability of each pixel belonging to target. The
probability images associated with the particles with different
weights (different tunable parameters, from best one to worst
one) are shown in Fig. 2(b). Fig. 3 shows the trace of the
best wt in one of the experiments (as shown in Fig. 5).
B. Target Position and Scale Estimation Under the Condition
of the best wt
Once the most discriminative feature is found in the
continuous feature space via P Fw , the tracking problem
comes down to estimate the state variable xt using the given
data zt under the condition of the best wt . The existing
particle filter tracking algorithms [18], [19] usually only
take the target model information into account, while the
importance of background is often ignored. Therefore, these
trackers have poor discriminating ability between foreground
and background, and are apt to be distracted by distractions
in background. In our algorithm, the background information
is introduced to estimate the target position and scale through
P Fx . In P Fx , the weight of each particle is calculated
not only through the similarity measurement between target
model and each hypothetical observation, but also through
the dissimilarity measurement between background model
and each hypothetical observation. Then under the condition
of the best tunable parameter vector wt , the likelihood
pwt (zt |xt ) is computed as
pwt (zt |xt ) ∝ exp{−λx d2 (Qwt , Owt (xt ))(1−
r
max d2 (Bw
, Owt (xt ))}
t

where N (xt |xt−1 , Σx ) denotes the Gaussian distribution with the mean xt−1 and the covariance Σx =
diag(σx2 , σy2 , σξ2 , στ2 ). U (0, 1) denotes the uniform distribution between 0 and 1, and R(∆xt−1 ) is a coefficient
proportional to ∆xt−1 = xt−1 − xt−2 .
C. Online Target Model Updating and Extraction
To adapt to the varying appearance of target and environment, we propose a novel target model updating strategy
which can resist gradual drift in target model effectively.
Once target is localized at time t − 1, the update of the
target model is implemented by
 (h)
(h)
r,(h)

O , if Ot−1 > α max Bt−1

 t−1
r
(h)
(h)
r,(h)
(16)
Qt =
0,
if Ot−1 < β max Bt−1

r

 (h)
Qt−1 , otherwise
where Ot−1 represents the target observation at time t − 1,
r
and Bt−1
represents the rth background observation around
target. Parameter α is used to define the reliable feature
components which have higher probabilities of belonging to
foreground, while β is used to define the ‘dangerous’ feature
components which may cause interfusion of background patterns in the new target model, and α > β. The reliable feature
components in target observation Ot−1 are absorbed by the
new target model Qt , whereas the ‘dangerous’ ones are
rejected. In (16), Qt , Qt−1 , Ot−1 and Bt−1 are represented
by HRGB -bin historgram in RGB color space. Through (16),
we can extract a new target model with the properties:
adaptability, purity, and time-continuous which can help us to
obtain a robust tracker under various challenging conditions.
V. E XPERIMENTS

(13)

r

where λx is a constant determined empirically, and Qwt is
the current target model. Owt (xt ) denotes the hypothetical

The proposed algorithm is applied to our mobile robot
system (Fig. 4) which has two driving wheels and one driven
wheel, and the robot can move freely with the maximum
velocity of one meter per second. The head of the robot is a

TABLE I
PTZ
camera

CCD camera

Visual
information

Visual
tracking

Pan-tilt
control

Computer
system

Sensors

Motors

(a)

Fig. 4.

PSD/Ultrasonic
sensors

Distance
information

Motion
planner

Motor
control

Sensor system

Data acquisition

Computer

Controller

(b)

(a) The mobile robot. (b) The architecture of the robot system.

Fig. 5. Tracking results under slow illumination changes, pose and scale
changes of target. The white, red, green and blue rectangles denote the
tracking results of the proposed method, CONDENSATION [18], adaptive
particle filter [19], and Collins’ method [14], respectively. The tracking
results and the extracted target models of the proposed method are shown
at the upper right and the lower right of each frame, respectively.

pan-tilt controlled camera with pan angle from -90 degree to
90 degree and tilt angle from -45 degree to 45 degree. The
data from the camera and the other sensors are processed in a
computer system which has the configuration of Quad-Core
CPU and 2G RAM. The resolution of the image used for
tracking is 320×240. The resolution of the frame image used
for tracking is 320×240, and the histograms are quantified to
Hw = 32 bins in the linear combination color space as in (5),
and HRGB = 16 × 16 × 16 bins for target model updating
and extraction in RGB color space as in (16). 50 and 75
particles are used for best tunable parameters estimation and
object tracking respectively. The average processing speed
is 10 frames per second for C++ program, which is able to
meet the real-time requirement.
To evaluate the quantitative performance of the proposed
method, a comparison is done among Condensation method
[18], adaptive particle filter (PF) method [19], Collins’
method (by online selecting the discriminative features in a
finite feature set) and the proposed method on a large number
of videos captured with the mobile robot with manually
labeled ground truth, under illumination changes, cluttered
background, variations in target pose and scale, and partial

Fig. 6. Tracking results of different methods under abrupt illumination
changes.The white, red, green and blue rectangles denote the tracking results
of the proposed method, CONDENSATION [18], adaptive particle filter
[19], and Collins’ method [14], respectively. The tracking results and the
extracted target models of the proposed method are shown at the upper right
and the lower right of each frame, respectively.

Q UANTITATIVE P ERFORMANCE OF D IFFERENT A LGORITHMS

Algorithms
Condensation [18]
Adaptive PF [19]
Collins’ method [14]
The proposed

Avg Pos Err
24.15
19.69
5.89
2.63

Avg Overlap Ratio
60.78%
71.90%
85.18%
91.98%

occlusion. Two of the tracking results are shown in Fig. 5
and Fig. 6. Table I shows the quantitative performance, in
which the average position error (Avg Pos Err) is the average
distance between the center of the tracking window and the
ground truth, and the average overlap ratio is the average
percentage of the overlap between the tracking window
and the window identified by ground truth. The proposed
method shows much higher accuracy than other methods
under challenging conditions. In the further work, we will
integrate other tracking features, such as texture, into the
proposed method.
VI. C ONCLUSION
we propose a novel adaptive probabilistic tracking method
with discriminative feature selection for mobile robot. The
discriminative feature is selected from a continuous feature
space rather than from a finite candidate set, and feature
selection is reduced to an estimation problem of the best
feature tunable parameters. Two particle filters with novel
observation models are used sequentially, for the estimation
of best feature tunable parameters and target localization
respectively. One of which is used to estimate the best feature
tunable parameters, and the other one is used to capture
the target adaptively. Novel observation models and dynamic
models are designed for these two dependent particle filters,
and a novel target model updating strategy is also proposed
to extract the accurate target model. Experimental results
demonstrate the robust performance of the proposed method
under challenging conditions.
R EFERENCES
[1] Y. Rathi, N. Vaswani, and A. Tannenbaum, “A Generic Framework
for Tracking Using Particle Filter With Dynamic Shape Prior,” IEEE
Trans. Image Process., vol. 16, no. 5, pp. 1370-1382, May 2007.
[2] H. T. Nguyen and A. W. M. Smeulders. “Fast Occluded Object
Tracking by a Robust Appearance Filter,” IEEE Trans. Pattern Anal.
Mach. Intell., vol. 26, no. 8, pp. 1099-1104, Aug. 2004.
[3] D. Kim, H. Kim, S. Lee, and W. Park, ”Kernel-based structural binary
pattern tracking,” IEEE Trans. Circuits Syst. Video Technol., vol. 24,
no. 8, 1288 - 1300, Aug. 2014.
[4] V. Bruni and D. Vitulano, “An Improvement of Kernel-Based Object
Tracking Based on Human Perception ,” IEEE Trans. Syst., Man,
Cybern. -Syst., vol. 44, no. 11, pp. 1474-1485, Nov. 2014.
[5] D. Comaniciu, V. Ramesh, and P. Meer. “Kernel-Based Object Tracking,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 25, no. 5, pp. 564577, May 2003.
[6] P. Wang and H. Qiao, “Adaptive Probabilistic Tracking with Reliable
Particle Selection,” Electron. Lett., vol. 45, no. 23, pp. 1160-1161,
Nov. 2009.
[7] SI. Jang, K. Choi, KA. Toh, ABJ. Teoh and J. Kim, “Object tracking
based on an online learning network with total error rate minimization
,” Pattern Recog., vol. 48(1), pp. 126-139 , Jan. 2014.
[8] M. Morshidi and T. Tjahjadi, “Gravity optimised particle filter for
hand tracking,” Pattern Recog., vol. 47(1), pp. 194-207 , Jan. 2014.

[9] D. A. Ross, J. Lim, R. Lin, M. Yang, “Incremental learning for robust
visual tracking,”, Int. J. Comput. Vis., vol. 77, pp. 125-141, 2008.
[10] A. Elgammal, and C. S. Lee, “Tracking People on a Torus,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 31, no. 3, pp. 520-538, Mar.
2009.
[11] D. M. Gavrila and S. Munder, “Multi-cue Pedestrian Detection and
Tracking from a Moving Vehicle,” Int. J. Comput. Vis., vol. 73, no. 1,
pp. 41–59, 2007.
[12] F. M. Noguer, A. Sanfeliu, and D. Samaras, “Dependent Multiple Cue
Integration for Robust Tracking,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 30, no. 4, pp. 670-685, Apr. 2008.
[13] J. Wang, X. Chen, W. Gao. “Online selecting discriminative tracking
features using particle filter,” in Proc. CVPR, 2005, vol. 2, pp. 10361041.
[14] R. T. Collins, Y. Liu, and M. Leordeanu, “Online Selection Of
Discriminative Tracking Features,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 27, no. 10, pp. 1631-1643, Oct. 2005.
[15] J. Wang and Y. Yagi, “Integrating Color and Shape-Texture Features
for Adaptive Real-Time Object Tracking,” IEEE Trans. Image Process., vol. 17, no. 2, pp. 235-240, Feb. 2008.
[16] B. Han and L. Davis, “Object Tracking by Adaptive Feature Extraction,” in Proc. Int. Conf. Image Process., 2004, vol. 3, pp. 1501-1504.
[17] H. T. Chen, T. L. Liu and C. S. Fuh. “Probabilistic Tracking with
Adaptive Feature Selection,” in Proc. 17th Int. Conf. on Pattern Recog.,
Aug. 2004, vol. 2, pp. 736-739.
[18] M. Isard and A. Blake. “CONDENSATION—Conditional Density
Propagation for Visual Tracking,” Int. J. Comput. Vis., vol. 29, no.
1, pp. 5–28, 1998.
[19] K. Nummiaro, E. Koller-Meierb, and L. V. Gool, “An Adaptive Colorbased Particle Filter,” Image Vis. Comput., vol. 21, pp. 99-110, 2003.
[20] Y. Li, H. Ai, T. Yamashita, S. Lao. “Tracking in Low Frame Rate
Video: A Cascade Particle Filter with Discriminative Observers of
Different Life Spans,” IEEE Trans. Pattern Anal. Mach. Intell.,, vol.
30, no. 10, pp. 1728-1740, 2008.
[21] I. Matthews, T. Ishikawa, and S. Baker, “The Template Update
Problem,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 26, no. 6,
pp. 810-815, Jun. 2004.
[22] J. Tu, H. Tao, and T. Huang, “Online updating appearance generative
mixture model for mean-shift tracking,” Mach. Vis. Appl., vol. 20, pp.
163-173, Apr. 2009.
[23] P. Perez, J. Vermaar, and A. Blake, “Data Fusion for Visual Tracking
With Particles,” Proc. IEEE, Mar. 2004, vol. 92, no. 3, pp. 495-513.
[24] M. Isard and A. Blake. “CONDENSATION—Conditional Density
Propagation for Visual Tracking,” Int. J. Comput. Vis., vol.29, no. 1,
pp. 5–28, 1998.
[25] S. K. Zhou, R. Chellappa, and B. Moghaddam, “Visual Tracking and
Recognition Using Appearance-Adaptive Models in Particle Filters,”
IEEE Trans. Image Process., vol. 13, no. 11, pp. 1491-1506, Nov.
2004.
[26] B. Han, Y. Zhu, D. Comaniciu, and L. S. Davis, “Visual Tracking
by Continuous Density Propagation in Sequential Bayesian Filtering
Framework,” IEEE Trans. Pattern Anal. Mach. Intell., Vol. 31, no. 5,
May 2009.

