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Numerous tracking methods have been proposed and work well under many challenging
conditions. However, there are still some problems need to be solved, such as abrupt
motion and longtime occlusion. Visual attention mechanism enables humans to efﬁciently
select the visual data of most potential interest and results in robust object tracking.
Inspired by this fact, this paper presents a top–down visual attention computational
model based on frequency analysis and integrates it into particle ﬁlter to solve the above
mentioned problems. Given an image sequence, target-related salient regions are detected
by the proposed top–down visual attention. Then the target is tracked by the proposed
local and global search processes in which the salient regions are incorporated into particle ﬁlter. Comparison experiments on challenging sequences demonstrate the effectiveness of the proposed method.
& 2016 Elsevier B.V. All rights reserved.
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1. Introduction
Object tracking is a signiﬁcant computer vision task and
has many practical applications such as visual surveillance,
robotics and unmanned vehicles. Despite extensive researches
on this topic [1–7], achieving robust tracking performance still
remains a huge challenge.
The particle ﬁlter based tracker [8,9] is a sampling-based
tracking method, which can cope well with the non-linear
and non-Gaussian tracking problems. Pérez et al. [10] propose
a method to embed the color-based image features into a
particle ﬁlter tracking framework. A Markov Chain Monte
Carlo (MCMC) based particle ﬁlter for tracking multiple
interacting targets has been proposed in [11], which uses the
MCMC method to sample directly from the posterior distribution of the target position. Sherrah et al. [12] presented
n
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an adaptation of the particle ﬁlter to track people in surveillance video. In this algorithm, detection is based on automated background modelling and the tracks of objects are
created by a labelling method. Kwon and Lee [13] presented a
compound tracker named as Visual Tracking Decomposition
(VTD), which utilizes the basic distinctive components of the
observation, motion, and tracking models to efﬁciently construct compound models. Shan et al. [14] proposed a mean
shift embedded particle ﬁlter (MSEPF) to improves the sampling efﬁciency, which move particles to local peaks in the
likelihood by incorporating the mean shift optimization into
particle ﬁltering. To deal with abrupt motion difﬁculties, a
Wang–Landau Monte Carlo sampling based tracking algorithm (AWLMC) is presented in [15]. This method is more
likely to get a global optimum by sampling in the global state
space, but it needs lots of particles.
A drawback of the particle ﬁlter is that it usually needs
a large number of samples to estimate the state of target
accurately, especially when abrupt motion and longtime
occlusion occur. The increasing number of samples will
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result in increasing computational complexity. To obtain
candidate regions where target may appear before tracking is one of effective ways to alleviate the above issues.
Robust object tracking is just a basic function of the
human visual system (HVS). In the tracking process of HVS,
visual attention plays a critical role, which directs the
processing resources to the potentially most relevant
visual data, especially directs our gaze rapidly towards the
objects of interest. As a result, humans can easily achieve
robust object tracking. Furthermore, some biological vision
literature has suggested that (i) tracking is implemented
by attentional mechanisms [16,17] and (ii) attentional
processes may facilitate tracking through anticipation or
act as an error recovery mechanism [18,19].
Due to the importance of visual attention in tracking
process of human visual system and the drawback of the
particle ﬁlter, this paper proposes a Top–down visual attention integrated particle ﬁlter (TAIPF) for robust object tracking.
Given an image sequence, the potentially most relevant salient regions with respect to the target are ﬁrst detected by our
proposed top–down visual attention computational model
based on frequency analysis. The top–down information
related to the target object for the visual attention model is
learned at the beginning of tracking process. Then the target
is tracked by local and global search processes in which the
salient regions are incorporated into particle ﬁlter. When the
target is with smooth motion or small abrupt motion only, the
local search is performed by considering salient regions
overlapped with particles sampled by traditional particle ﬁlter. When very large abrupt motion or longtime occlusion
occurs, global search is performed by sampling particles
around each detected salient region to recover tracking.
The main contributions of this paper are twofold.
Firstly, a top–down visual attention computational model
based on frequency analysis is presented, which uses the
target model as a top–down information and introduces it
into frequency analysis attention model. The proposed visual
attention model is utilized to construct the top–down saliency
map and detect candidate regions where target may appear.
Secondly, to deal with abrupt motion and longtime
occlusion, a novel robust object tracking framework named as
Top–down visual attention integrated particle ﬁlter (TAIPF) is
proposed. We integrate salient regions detected by the proposed top–down visual attention model into particle ﬁlter
and track the target by two search processes, i.e., local search
and global search. In the local search process, a set of particles
are ﬁrst sampled by traditional particle ﬁlter, and then several
salient regions overlapped with pre-sampled particles are
selected. After some particles are sampled around selected
salient regions, we merged them with pre-sampled particles.
In the global search process, particles are sampled around
each detected salient region. For both two search processes,
the best particle is taken as searched result. Comparison
experiments on challenging sequences and public dataset
demonstrate the effectiveness and robustness of the proposed
method.
The remainder of the paper is organized as follows.
First, the relevant work is reviewed in the next section.
Then we introduce our tracking algorithm in details in
Section 3. Experimental results and analysis are presented
in Section 4, and ﬁnally we draw conclusions in Section 5.

29

2. Related work
In this section we discuss the most relevant work
including computational modeling of visual attention and
saliency based approaches for tracking. More thorough
reviews on object tracking can be found in [1–4].
2.1. Computational modeling of visual attention
Visual attention [20] (also referred as visual saliency in
literature) is one of the key mechanisms of human visual
system that enables humans to efﬁciently determine the
most relevant parts within the large amount of visual data.
It is described as a perceptual quality that makes a region
of image stand out relative to its surroundings and to
capture attention of the observer [21]. In the past decades,
many computational models have been proposed to
simulate humans' visual attention [22]. These approaches
can be divided into two groups: the bottom–up approaches and the top–down approaches.
2.1.1. The bottom–up approaches
Bottom–up attention is purely data-driven and guides the
gaze to salient regions in a scene. Regions attracting bottom–
up attention are always those with strong contrast or certain
uniqueness. Therefore, the approaches in the bottom–up
group often aim to detect the unique or rare visual subsets.
For example, Itti et al. [23] proposed a classical cognitive
concepts inspired visual attention model which is based on a
center-surround contrast calculation. Other published bottom–up visual attention models include information theoretic
models [24,25], graphical models [26,27] and spectral analysis
models [21,28,29], etc. Information theoretic models premise
that localized saliency computation serves to maximize
information sampled from one’s environment and select the
most informative parts of a scene and discarding the rest.
Graphical models represent an image as a weighted graph
and utilize Hidden Markov Models (HMM), Dynamic Bayesian
Networks (DBN), or Conditional Random Fields (CRF) to calculate visual saliency. Spectral analysis models derive saliency
in the frequency domain in a bottom–up manner and provide
state-of-the-art performance in ﬁnding salient regions with
efﬁcient computation. However, introducing top–down
information with considerable importance for tracking to
spectral analysis attention models has not been broadly
investigated up to now.
2.1.2. The top–down approaches
Top–down attention is driven by cognitive factors such as
pre-knowledge, context, expectations, motivations, and current goals. A few types of top–down information that can
drive an attention model, such as pre-knowledge, context
information, have been realized in computational system. For
instance, based on Itti’s basic model [23], the VOCUS attention
model [30] uses pre-knowledge about a target to weight the
feature maps and perform visual search. Torralba et al. [31]
use context information about the scene to guide the gaze,
e.g., to search for people on the street level of an image rather
than on the sky area. Zhu et al. [32] propose a top–down
computational model for goal-driven saliency detection based
on the coding-based classiﬁcation framework, in which
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spatial context information is exploited. In [33] and [34],
human faces were detected ﬁrst and related visual signals
were assigned with high saliency values, since the authors
assumed that faces were inherently salient. Because of that
subjects often stared at the center of the scene to start the
eyetracking experiments, center-bias is adopted in [35] to
enhance patches near to image centers. The existing top–
down attention models are usually with high computational
cost, and they are unable to used in object tracking directly. In
this paper, we propose a new top–down attention model,
which is based on frequency analysis and is able to more
efﬁciently detect target-related salient regions where target
object is more likely appear.
2.2. Saliency based approaches for tracking
In recent years, some saliency based approaches have
been proposed for visual tracking. According to the usage
of saliency information, these approaches can be roughly
divided into two groups: tracking by saliency based feature descriptor, and tracking by salient regions.
2.2.1. Tracking by saliency based feature descriptor
Approaches in this category aim to obtain a feature
descriptor by saliency information. Zhang et al. [36] propose
to combine static and motion saliency features as the object
description, and use the spatialtemporal coherence constraints and the object description to deﬁne the importance
weight of particles. Frintrop et al. [37,38] present a
component-based descriptor for the appearance model in the
particle ﬁlter framework. The descriptor is based on feature
maps computed by the VOCUS attention model [30]. Borji et
al [39] extend the approach to deal with changing backgrounds in which the descriptor is updated by learning
background clusters. In [40], by trainning threshold classiﬁers
on spatially distributed Haar-like center-surround features, a
classiﬁer-based approach is presented to deal with changing
object and background appearance over time. Tavakoli et al.
[41,42] present a simple saliency visual descriptor named
local similarity number (LSN) and apply it to object tracking in
the mean-shift algorithm. Mahadevan et al [43] propose a
discriminant center-surround saliency based tracker which
select the most informative feature set and identify the
location of the target in the next frame using these features. In
[44], a saliency weighted sparse coding appearance model is
proposed to deal with background clutter.
2.2.2. Tracking by salient regions
In the framework of tracking by salient regions [45–50],
salient regions are ﬁrst detected and then tracked in video
frames. The target object is tracked as a single salient region
[45–47,50] or multiple salient regions [48,49]. For the ﬁrst
case, Ouerhani et al. [45] combine the dynamic features into
Itti et al.’s basic model [23] and attentively track the most
discriminating feature determined by the attention model.
Veyret et al. [46] extract Focuses Of Attention (FOA) using the
Itti’s basic model [23] and these FOAs are used to detect and
track targets in the aquarium. Frintrop et al. [47] propose the
Most Salient Region (MSR) tracker in which the target is
tracked as the most salient region extracting from a calculated
top–down saliency map. In the second case, target location is

determined through the weighted combination of all available
salient regions. Tracking by multiple salient regions often
relies on the co-occurrence of a large number of salient
regions [49], which is computationally expensive; besides, the
target must be large enough [48]. Li et al. [50] propose a
Visual Attention Guided Tracker dubbed as VAGT, in which
local search is done by performing directly mean-shift on
saliency map and global search is done by selecting the best
candidate from detected salient regions and local searched
result.
Different from these methods, we incorporate salient
regions detected by our proposed top–down attention model
into particle ﬁlter to deal with abrupt motion and longtime
occlusion in this work. The target is tracked by the proposed
local and global search processes. At local target search stage,
the traditional particle ﬁlter is enhanced by considering the
salient regions overlapped with particles so as to handle
smooth motion and small abrupt motion. At global search
stage, the lost target under very large abrupt motion or
longtime occlusion is recovered by sampling particles around
each detected salient regions.

3. The proposed method
We ﬁrst describe our method at a high level here. It consists of two major components: (i) the top–down visual
attention based on frequency analysis and (ii) the target
search using a top–down visual attention integrated particle
ﬁlter. The framework of the proposed top–down visual
attention integrated particle ﬁlter (TAIPF) is shown in Fig. 1.
Top–down visual attention detects potentially relevant salient
regions with respect to the target. Target search is performed
by integrating the top–down visual attention mechanism into
particle ﬁlter based on detected salient regions and target
appearance model.
Speciﬁcally, when a new frame comes, top–down visual
attention computes a saliency map and detects several salient regions where target may appear, and then to estimate
whether the target in the last frame is lost. If target is not
lost, local search will be performed by performing visual
attention enhanced particle ﬁlter around the tracking result
of the last frame. If target is lost or the result of local search is
not reliable, global search using visual attention guided
particle ﬁlter is needed and performed by applying particle
ﬁlter around detected salient regions.
Details of the two major components in the proposed
method are given in Section 3.1 and Section 3.2. Besides,
appearance model used for target loss detection and target
search is described in Section 3.3.
3.1. Top–down visual attention based on frequency analysis
The frequency-tuned saliency model [21] computes a saliency map by removing the frequencies around the DC frequency (the “mean”) and high frequency noise and textures in
a bottom–up manner. It is fast, easy to implement, and provides good full resolution saliency maps. Based on the
frequency-tuned saliency model, we present a new top–down
frequency analysis visual attention computational model to
mimic the top–down visual attention mechanism and detect
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saliency map via the modiﬁed frequency-tuned model, and
(iii) computing a weight vector for the target.

Input: frame t

Top-down
visual attention
based on
frequency analysis

Calculate spatiotemporal
saliency map

(1) Calculating feature channels

Detect salient regions on
spatiotemporal saliency map

Y

Is target lost ?
N

Local search:visual
attention enhanced
particle filter

Target search
bytop-down

visual attention
integrated
particle filter
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Global search: visual
attention guided particle
filter
Sample particles
around each detected
salient region

Sample particles

Select salient regions
overlapped with
sampled particles

Sample particles
around selected salient
regions and merge
them into particle set

Get tracking result by
selecting the better
one from results of
local search nand
global search

Estimate target state
using PF

Isresult reliable ?

In order to extract the basic visual features, we calculate
four broadly tuned color channels, two intensity channels for
an input image. The details are given below.
Given an input image f ðt Þ; t ¼ 0…N  1, where N is the
total frame number. r ðt Þ; g ðt Þ; andbðt Þ are red, green and
blue channels of f ðtÞ respectively. Four broadly tuned color
tunnels [23] are created by Eq.(2–5):
RðtÞ ¼ rðtÞ ðgðtÞ þ bðtÞÞ=2

ð2Þ

GðtÞ ¼ gðtÞ  ðrðtÞ þ bðtÞÞ=2

ð3Þ

BðtÞ ¼ bðtÞ  ðrðtÞ þ gðtÞÞ=2

ð4Þ



YðtÞ ¼ ðrðtÞ þgðtÞÞ=2  rðtÞ  gðtÞ=2 bðtÞ

ð5Þ

The intensity channels are calculated by Eq. (6)–(7).

N

Y

I ðt Þ ¼ ðr ðt Þ þ g ðt Þ þ bðt ÞÞ=3

ð6Þ

I of f ðtÞ ¼ maxðIðtÞÞ  IðtÞ:

ð7Þ

Output: tracking result
of frame t

Fig. 1. The framework of the proposed top–down visual attention integrated particle ﬁlter.

potentially most relevant salient regions. Four steps are taken
in our top–down visual attention computational model:
(i) detecting saliency using a modiﬁed frequency-tuned
method, (ii) learning salient features of target, (iii) computing top–down saliency map and (iv) detecting salient regions.
We describe the details as follows.
(1) Detecting saliency
tuned method

using

a

modiﬁed

frequency-

(2) Calculating the saliency map of each feature
Saliency maps of the feature channels are calculated by
two steps: ﬁrstly, applying the modiﬁed frequency-tuned
model to the spatial feature channels RðtÞ,GðtÞ,BðtÞ,YðtÞ,IðtÞ
and I of f ðtÞ, resulting in maps SR ; SG ; SB ; SY ; SI ; SIof f , and
then performing entry-wise product between each map and
the corresponding feature channel. The results are referred to
as F R ; F G ; F B ; F Y ; F I ; F Iof f and called feature maps.
(3) Computing a weight vector for the feature maps

To highlight salient regions with high intensity at the same
time in corresponding feature dimension, we propose a
modiﬁed version of frequency-tuned method. The saliency
map Sðx; yÞ for an image f ðx; yÞ is deﬁned as Eq.(1) in the
modiﬁed frequency-tuned model.

The target weight vector w ¼ ðwR ; wG ; wB ; wY ; wI ; wIof f ÞT
representing salient features of the target object related to
its surrounding is computed using the way of VOCUS [30]
shown as Eq.(8). The value wj for feature map F j is the ratio
between the mean saliency of the target region (denoted
by Tð0Þ) and background (denoted by f ð0Þ=Tð0Þ):

Sðx; yÞ ¼ maxðf ωhc ðx; yÞ f μ ; 0Þ;

wj ¼

ð1Þ

meanðF j ðTð0ÞÞÞ
; j A fR; G; B; Y; I; I of f g:
meanðF j ðf ð0Þ=Tð0ÞÞÞ

ð8Þ

where, f μ is the arithmetic mean pixel value of the image and
f ωhc is the Gaussian blurred version (empirically using a 5  5
separable binomial kernel) of the original image.

A learned weight vector of the target object in the ﬁrst
frame of video sequence “Tennis” [15] is shown in Fig. 2(b).

(1) Learning salient features of target

(1) Computing top–down saliency map

To determine which features are the strongest in the target region and which features separate the target region best
from the rest of the image, salient features of the target need
to be learned at the beginning of tracking process.
Three steps are needed to learn salient features (represented by a weight vector) for the target, i.e., (i) calculating the
feature channels of the image, (ii) calculating the feature

The computing procedure of top–down saliency map
Std is similar to VOCUS’ [30] and is stated brieﬂy as follows.
When a new frame comes, the previously learned weight
vector w is used to weight the feature maps. Depending on
the values of wj , the feature maps are employed to generate the excitation map E or the inhibition map I. E is the
weighted sum of all feature maps that are important for
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Weights
R:0.043
G:0.006
B:1.897
Y:0.006
I:2.108
I_off:0.412
Fig. 2. Calculated saliency map and detected salient regions by the proposed top–down attention model. (a) Initialized target region at the beginning of
tracking process for video sequence “Tennis” [13], which is denoted as a red rectangle. (b) Calculated top–down information, i.e., a learned weight vector, of
the target object, which represents salient features of the target object related to its surrounding. (c) The current frame image. (d) Calculated saliency map
of the current frame. (e) Detected salient regions which are denoted as yellow rectangles.

Fig. 3. Illustration of visual attention enhanced particle ﬁlter dealing with abrupt motion. (a) Traditional particle ﬁlter: the third column shows sampled
particles and the fourth column shows tracking result; (b) Visual attention enhanced particle ﬁlter: the second column shows the detected salient regions,
the third column shows sampled particles and overlapped salient region, and the fourth column shows tracking result.

the target region, i.e., wj 4 1:
X
wj F j ðf ðtÞÞ; wj 41; 8 jA fR; G; B; Y; I; I of f g:
E¼

ð9Þ

j

The inhibition map I considers the features less present
in the target region than in the background, i.e., wj o1:
I¼

X 1
ð ÞF j ðf ðtÞÞ; wj o 1; 8 j A fR; G; B; Y; I; I of f g:
wj
j

ð10Þ

Feature maps with wj ¼ 1 cannot contribute to distinction and are thus ignored. The top–down spatial saliency map Std can be calculated by Eq.(11).
Std ¼ maxðE  I; 0Þ

ð11Þ

A top–down saliency map with respect to the target
object in a frame of video sequence “Tennis” [15] is shown
in Fig. 2(d).
(1) Detecting salient regions
In this work, CamShift [51] is introduced to ﬁnd coherent
salient regions in saliency map iteratively, and this is

illuminated by that computed saliency map is very similar to
the conﬁdence map obtained by simple back projection in
CamShift. The maximum of the saliency map deﬁnes the
most salient image location. The salient location is taken as
the initial location of search window, and the target size of
the last reliable tracking result is taken as the initial size of
search window. After obtaining a salient region, the intensity
values of all pixels within the current salient region are all set
to zero to mimic the inhibition of return mechanism [23]. This
iteration will stop when the maximum of the current saliency
map is less than the average saliency of all non-zero-saliency
pixels of original saliency map. These salient regions are
denoted by SRs ¼ fSR1 ; SR2 ; …; SRm g, in which m is the
number of salient regions. An example for saliency map calculation and salient region detection is shown in Fig. 2(e), and
detected salient regions are noted by yellow rectangles.
After detecting salient regions, it is needed to determine
whether the target is lost for deciding which search module
(selecting from local target search or global target search)
should be performed in the next step. Appearance model
used in target loss detection is described in Section 3.3.
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3.2. Target search by a top–down visual attention integrated
particle ﬁlter

dynamics:

There are two parts in the target search component:
(i) local search using visual attention enhanced particle ﬁlter
and (ii) global search using visual attention guided particle
ﬁlter. By sampling particles around the salient regions overlapped with particles sampled by traditional particle ﬁlter and
merging them into particle set, particle ﬁlter at local target
search stage is enhanced to handle smooth motion and small
abrupt motion. A local search example using visual attention
enhanced particle ﬁlter is shown in Fig. 3. In global search, by
sampling particles around each detected salient region, particle ﬁlter is guided by visual attention to recover the lost
target under very large abrupt motion or longtime occlusion.
Fig. 4 shows the visual attention guided particle ﬁlter at global
search stage.
Target search in our method is implemented by particle
ﬁlter [8], which is a Bayesian sequential importance sampling technique for dynamic state estimation. In particle ﬁlter, given observations z1:t up to time t, the required posterior distribution pðxt jz1:t Þ of target state is approximated
by a ﬁnite set of weighted samples fxit ; wit gi ¼ 1:N . Each sample
xit represents a hypothetical target state with corresponding
importance weight wit . The candidate samples xit are drawn
from an importance density qðxt jx0:t  1 ; z1:t Þ and the weights
of the samples are updated by:

where x0:t  1 represents the states up to time t  1, Nð; Þ
stands for Gaussian distribution,2xt  1  xt  2 ; ΣD are mean
and covariance matrix of the Gaussian distribution respectively. The observation model is based Hue-Saturation-Value
(HSV) color histogram [10], and the likelihood function is
deﬁned as:

wit ¼ wit  1

pðzt jxit Þpðxit jxi0:t  1 Þ
;
qðxt jxi0:t  1 ; z1:t Þ

ð12Þ

A resample step will be performed when necessary to
avoid degeneracy. Thus we get a sample set fxit ; wit gi ¼ 1:N
which corresponds to the target posterior at current time.
In the proposed tracking framework, the state variable x is
modeled by a rectangle bounding box, i.e., x ¼ ðx; y; w; hÞT ,
where, ðx; yÞ denotes the position and ðw; hÞ is the scale. We
use a second order autoregressive process to model the state

pðxt jx0:t  1 Þ ¼ Nðxt ; 2xt  1  xt  2 ; ΣD Þ;

pðzt jxt Þ p e  λD

2

ðH ;Hðxt ÞÞ

;

ð13Þ

ð14Þ

where, H  denotes the reference color histogram, Hðxt Þ stands
for the histogram of xt , Dð; Þ denotes the distance of two
histograms and is deﬁned as (15), λ is a constant parameter.

 
1
D H  ; Hðxt Þ ¼ 1  ρ½H  ; Hðxt Þ 2 ;

ð15Þ

where ρ½;  is the similarity between two color histograms and
is deﬁned in Eq. (20).
For importance density, the dynamic distribution
pðxt jx0:t  1 Þ is often used for implementation convenience.
However, such sampling method often fails when abrupt
motion and longtime occlusion occur. To alleviate these
issues, we design two novel proposal densities for local
search and global search whose probabilistic parameters
are optimized in the light of current observation and visual
attention mechanism.
We provide the details of local search and global search
in the following two subsections.
(1) Local search: visual attention enhanced particle ﬁlter
When the target is not lost in the last frame f ðt 1Þ, local
search is needed in the current frame f ðt Þ, and is performed
based on the particle set fxit  1 ; wit  1 gi ¼ 1:N and the target
states x0:t  1 up to time t 1. For each particle xit  1 , we ﬁrst
search a salient region with max overlap area with its

Fig. 4. Illustration of visual attention guided particle ﬁlter dealing with longtime occlusion. (a) Traditional particle ﬁlter: the third column shows sampled
particles, and the fourth column shows tracking result; (b) Visual attention guided particle ﬁlter: the second column shows the detected salient regions, the
third column shows sampled particles around each salient region, and the fourth column shows tracking result.
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3.3. Appearance model

dynamic propagation center:
SRit ¼ arg max ðareaðxit \ srÞÞ;

ð16Þ

sr A SRs

where SRit denotes the searched salient region for particle
xit  1 in current frame f ðt Þ, xit is the dynamic propagation
center of xit  1 , and xit ¼ Epðxt jx0:t  1 Þ ½xt  ¼ 2xt  1 xt  2 . Then
the importance density is deﬁned as a Gaussian distribution
centered at SRit :
qðxt jxi0:t  1 ; z1:t Þ ¼ Nðxit ; SRit ; Σsr Þ

ð17Þ

where Σsr is a ﬁxed covariance matrix capturing the potential
error in salient region. If there is no searched salient region for
particle xit  1 in current frame f ðt Þ, the importance density
qðxt jxi0:t  1 ; z1:t Þ is still the same as pðxt jx0:t  1 Þ.
For maintaining the balance between sampling effectiveness and diversity, we amend the importance density
in Eq. (17) by superimposing a term of the dynamic distribution pðxt jx0:t  1 Þ:
q0 ðxt jxi0:t  1 ; z1:t Þ ¼ αpðxt jx0:t  1 Þ þð1  αÞqðxt jxi0:t  1 ; z1:t Þ;
ð18Þ
where α is a constant controlling the relative importance
of two linear components. At the local search stage, samples are drawn directly from q0 ðÞ. Fig. 3 shows the visual
attention enhanced particle ﬁlter. Fig. 3(a) shows the
conventional particle ﬁlter which fails to capture the target
with abrupt motion, while visual attention enhanced
particle ﬁlter in Fig. 3(b) tracks the target successfully. For
clarity, only the overlapped salient region is given in Fig. 3
(b), particles around the overlapped salient region are not
shown.
(1) Global search: visual attention guided particle ﬁlter
Global search is needed in case of that the target is lost
or the result of local search is not reliable when difﬁculties
such as large abrupt motion or longtime occlusion occur.
The result of local search is considered as unreliable when
the similarity between the result of local search and the
reference model is less than a speciﬁc threshold such as
0.4. The target state xt is nearly independent of xi0:t  1 in
this case. Thus samples can be drawn around the detected
salient regions. The sampling process is represented as a
mixture of Gaussians:
qðxt jxi0:t  1 ; z1:t Þ ¼ qðxt jz1:t Þ ¼

m
X

π

i
k Nðxt ; SRk ;

Σsr Þ;

ð19Þ

k¼1

where m is the number of salient regions; π k is the prior
th
probability of picking the k
salient region SRk ;
Pm
i
k ¼ 1 π k ¼ 1, the density Nðxt ; SRk ; Σsr Þ is the probability
of xt conditioned on k; Σsr denotes the covariance matrix
of the Gaussian distribution. Fig. 4 shows the visual
attention guided particle ﬁlter. Fig. 4(a) shows the conventional particle ﬁlter which fails to recover the target
after longtime occlusion, while visual attention guided
particle ﬁlter in Fig. 4(b) recovers the target successfully.

From the framework of the proposed method shown in
Fig. 1, it seems that three steps need appearance model:
(i) target loss detection after detecting salient regions, (ii)
target search and (iii) reliability estimation for local searched result. Since the proposed method is more about
addressing the abrupt motion and longtime occlusion
difﬁculties, we only adopt a simple color-based appearance mode [10], which employs color distributions in HueSaturation-Value (HSV) color space as target model and
Bhattacharyya coefﬁcient as similarity measure.
Target model is represented as color distributions in HueSaturation-Value(HSV) color space [10]. And the complete
histogram is composed of N ¼ N h N s þ N v bins. N h Ns bins are
for HS histogram, and use only the pixels with saturation and
value larger than two thresholds which are respectively set
as 0.1 and 0.2 in the experiments. The reason for using
thresholds is that color information is only reliable when
both the saturation and the value are not too small. Another
N v bins are used for remaining “color-free” pixels which
retain a crucial information when tracked regions are mainly
black and white. We employ the Bhattacharyya coefﬁcient as
measure of the similarity between two color distributions:p ¼ fpðuÞ gu ¼ 1;⋯;m and q ¼ fqðuÞ gu ¼ 1;⋯;m . It is deﬁned as
Eq. (20).

ρ½p; q ¼

m pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
X
pðuÞ qðuÞ :

ð20Þ

u¼1

The larger ρ is, the more similar the distributions are.
When two distributions are identical, we get ρ ¼ 1, which
indicates a perfect match.
For target loss detection after detecting salient regions, if
the similarity between tracking result of the last frame and
the reference model is less than a speciﬁc threshold such as
0.4, the target is lost. Similarly, a lower similarity between the
tracking result of the last frame and the reference model
indicates that the local searched result is not reliable. For
target search, a likelihood function is deﬁned in Eq. (14) based
on the above similarity measure.

4. Experimental results
4.1. Setup
4.1.1. Dataset
In order to evaluate the proposed TAIPF algorithm, we
conduct experiments on two datasets. The ﬁrst dataset consists of eleven sequences which emphasizes especially
"abrupt motion" and "longtime occlusion" attribute. There are
seven sequences from [1] (namely Boy, CarScale, Coke, Couple,
Lemming, Liquor and Woman) with the “fast motion” attribute,
three sequences from [52] (namely Snowboard, Tennis and
Youngki) with the “abrupt motion” attribute and one
sequence recorded by ourselves (namely ZhangLongtimeOcc)
with the “longtime occlusion” attribute. The ground truths of
the ﬁrst ten sequences are provided by their authors while
the last one's are annotated by ourselves. The second dataset
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is the online tracking benchmark (OTB) [1] with 50 fully
annotated sequences under various general conditions.

dataset. An evaluation of the effect of the parameter change is
given in Section 4.3.2.

4.1.2. Comparison methods
We compare the proposed method with six other typical
algorithms including VAGT [50], Struck [53], TLD [54], AWLMC
[15], VTD [13] and CPF [10] using the evaluation technique of
the OTB [1] on the ﬁrst dataset. The tracking results of these
methods are obtained by running the open source code
provided by the authors. It is worth noting that Struck is the
best method in the OTB [1], VAGT [50] is a similar saliencybased tracking technique and AWLMC [52] is designed for
abrupt motion tracking. Besides, we compare the proposed
tracker with two baseline trackers including VAGT and CPF
on the second dataset, i.e., the online tracking benchmark
(OTB). The reason of selecting VAGT and CPF is that the
proposed tracker is based on particle ﬁlter and use a simple
color histogram appearance model which is same as VAGT
and CPF thus they are comparable with our tracker on general benchmark.

4.1.4. Evaluation metric
The success plot and precision plot metric in OTB [1] are
used for a quantitative evaluation. The success plot shows the
ratios of successful frames at the thresholds of the overlap
score varied from 0 to 1. A frame with overlap score larger
than a given threshold will be counted as a successful tracked


St \ SGT

t
, where St
frame. The overlap score is deﬁned as SC t ¼ 

St [ SGT
t

4.1.3. Parameter setting
All parameters are ﬁxed in the comparison experiments.
The parameter λ of Eq. (14) is set to 20 which is same as [10].
The constant α in Eq. (18) is set to 0.5 indicating that the
sampling effectiveness and diversity are with same imporP
tance. In Eq. (19), we set π k ¼ avgSalk = m
i ¼ 1 avgSali , indicating that the prior probability of picking each salient region
is in proportion to its average saliency, where avgSalk is the
average saliency of the kth salient region SRk . For SRk , higher
average saliency means higher prior probability to be picked.
For the number of particle, 600 particles are used for CPF, VTD
and AWLMC, for our TAIPF tracker, 100 particles are used on
the ﬁrst dataset while 500 particles are used on the second

is the tracked bounding box, SGT
t is the ground truth bounding
box,\ and [ represent the intersection and union of two
regions respectively, and j:j denotes the number of pixels in
the region. Precision plot shows the percentage of frames
whose estimated location is within the given threshold distance of the ground truth.
4.2. Qualitative comparison
In this section, we compare the proposed tracker with six
other typical algorithms including VAGT [50], Struck [53], TLD
[54], AWLMC [15], VTD [13] and CPF [10] qualitative on the
ﬁrst dataset (eleven sequences which emphasizes especially
"abrupt motion" and "longtime occlusion" attribute).
4.2.1. Partially low frame rate and camera shot changes
Fig. 5 presents the tracking results of test sequences that
have partially low frame rates and camera shot changes. In
these sequences, TAIPF and VAGT successfully tracked the
target eventhough there are drastically abrupt changes in the
position and scale. TAIPF tracks target more accurately than
VAGT due to TAIPF samples particles around detected salient
regions while VAGT compares detected salient regions

Fig. 5. Qualitative evaluation of seven algorithms on sequences highlighting low frame rates and camera shot changes. (a)–(b) Screenshots of tracking
results on Tennis and Snowboard sequences highlighting low frame rates wherein both position and scale are drastically changing. (c) Screenshots of
tracking results on Youngki sequence wherein camera shot change occurs.
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directly at global serch stage. AWLMC also tracked the abrupt
motions in the Snowboard and Youngki (Fig. 5(b)–(c)), whereas
it failed to track the motions in the 25th frame of Tennis
sequence (Fig. 5(a)). On the other hand, the other methods
failed to escape from the previous positions of the targets, and
clear examples are the 25th frame of Tennis (Fig. 5(a)), the
87th frame of Snowboard (Fig. 5(b)) and the 38th frame of
Youngki (Fig. 5(c)).
4.2.2. Fast motion and “short or long time occlusion”
Fig. 6 presents the tracking results of test sequences
highlighting “fast motion” and “short or long time occlusion”.
In Fig. 6(a) and Fig. 6(c), the AWLMC method designed for
abrupt motion is distracted by a door patch at the 193rd
frame in Boy sequence (Fig. 6(a)) and by a patch of the far
house at the 60th frame in CarScale sequence (Fig. 6(e))
without abrupt motion. The cause is that AWLMC always
samples particles in the whole state space. The proposed
method only performs global search while the tracking result
of local search is not reliable or the target has been lost. In the
70th of ZhangLongtimeOcc after a longtime occlusion, Fig. 6(f),
the proposed TAIPF recovers while all other trackers lose the
target. General, the proposed TAIPF tracker performs qualitative better than the other six typical methods on these test
sequences.
4.3. Quantitative evaluation
In this part, we compare quantitatively the proposed
method with other tracking methods on both two datasets in
Section 4.3.1, the evaluation of the effect of the parameter
change is given in Section 4.3.2 and other alternative
appearance model instead of color histograms is evaluated in
Section 4.3.3. The experiments of Section 4.3.2 and Section
4.3.3 are both conducted on the ﬁrst dataset.

4.3.1. Comparison with other tracking methods
4.3.1.1. Results on the ﬁrst dataset. (eleven sequences which
emphasizes especially "abrupt motion" and "longtime occlusion" attribute). Fig. 7 and Fig. 8 summarize the overall
quantitative performance. For success plots in Fig. 7, we use
area under curve (AUC) scores to summarize and rank the
trackers, while for precision plots in Fig. 8, we use the results
at error threshold of 20 for ranking. The AUC of TAIPF, VAGT,
Struck, TLD, AWLMC, VTD and CPF in success plots are 0.473,
0.447, 0.444, 0.403, 0.437, 0.329 and 0.373 respectively while
the performance scores in precision plots are 0.634, 0.595,
0.548, 0.552, 0.581, 0.406 and 0.509 respectively. Overall, the
proposed tracker outperforms the other methods in both
success plots and precision plots.
4.3.1.2. Results on the second dataset (the online tracking
benchmark (OTB) [1] with 50 fully annotated sequences under
vary general conditions). Fig. 9 summarizes the success plots
and precision plots of trackers on "fast motion" subsets (17
sequences) of OTB. Fig. 10 shows tracking performance of
trackers on all 50 sequences of OTB. The experimental results
on OTB show two sides: ﬁrstly, for 17 sequences with "fast
motion" attribute, the proposed tracker outperforms the other
two baseline trackers with a large margin. Secondly, for all
videos under vary general conditions, the proposed tracker
outperforms VAGT clearly while is slightly better than CPF on
success plots and is very close to CPF on precision plots. All
experiments on these two datasets demonstrate that the
proposed tracker not only robust to abrupt motion and
longtime occlusion, but also can deal with general conditions.
Table 1 shows the speed of tracking methods on images
with 320  240 pixels size. All methods run on a notebook
PC with an Intel(R) Core(TM) 2.4 GHz i3 CPU and 2 GB
memory. Our tracker runs in real time at 9.4 fps without
code optimization.

Fig. 6. Qualitative evaluation of seven algorithms on sequences highlighting “fast motion” and “short or long time occlusion”. (a)–(b) Screenshots of
tracking results on Boy, Couple, Lemming and Liquor sequences wherein fast motion occurs. (c) Screenshots of tracking results on CarScale and ZhangLongtimeOcc sequence wherein short or long time occlusion occurs.
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4.3.2. Evaluation of the effect of the parameter change
In this work, there are two tunable parameters, i.e.,
constant α in Eq. (18) to control the relative importance of
two linear components and π k in Eq. (19) denoting the
prior probability of picking the kth salient region SRk at
global search stage. The effects of the parameter changes
are evaluated here.

Fig. 7. Success plots of different tracking methods on the ﬁrst dataset.
The AUC of TAIPF, VAGT, Struck, TLD, AWLMC, VTD and CPF are 0.473,
0.447, 0.444, 0.403, 0.437, 0.329 and 0.373 respectively.

Fig. 8. Precision plots of different tracking methods on the ﬁrst dataset.
The performance score of TAIPF, VAGT, Struck, TLD, AWLMC, VTD and CPF
are 0.634, 0.595, 0.548, 0.552, 0.581, 0.406 and 0.509 respectively.

4.3.2.1. Constant α in Eq.(18). To test the impact of α in Eq.
(18) on tracking performance, it is varied in the range
½0:5; 1:0 while other parameters are ﬁxed as default values
in Section 4.3.1. Six trackers with different discrete
α; α A f0:5; 0:6; 0:7; 0:8; 0:9; 1:0g dubbed as TAIPF (α ¼ 0:5
corresponds to the default TAIPF tracker), TAIPF_alpha_06,
TAIPF_alpha_07, TAIPF_alpha_08, TAIPF_alpha_09 and
TAIPF_alpha_10 respectively are compared. Fig. 11 shows
success plots and precision plots under different values.
When α is range from 0.5 to 1.0, the AUC scores of success
plots are all in [0.465, 0.473] and the scores of precision
plots are all in [0.595,0.638]. The evaluation scores vary in
a small range although αchanges in a large range, and it
means that the proposed method is robust to the changes
of α. For TAIPF_alpha_10 with α ¼ 1:0, the AUC score of
success plot and score of precision plot change to 0.465
and 0.595 respectively and result in the lowest scores
among these trackers. The reason is that at local search
stage the detected salient regions are not utilized completely under this condition.
4.3.2.2. π k in Eq. (19) at global search stage. π k is the prior
th
probability of picking the k salient region SRk at global
search stage. There are two options for π k : (a) π k ¼
P
avgSalk = m
i ¼ 1 avgSali , indicating that the prior probability
of picking each salient region is in proportion to its average
saliency, where avgSalk is the average saliency of the kth
salient region SRk . (b) π k ¼ 1=m; k ¼ 1; …; m, indicating that
the prior probabilities of picking each of detected salient
regions are the same. All other parameters are ﬁxed as
default values in Section 4.3.1. The tracker for the ﬁrst
option is the default TAIPF and the tracker for the second
option is named as TAIPF_1. Fig. 12 shows success plots

Fig. 9. Tracking performance for "fast motion" subsets of OTB. (a) Success plots; (b) Precision plots.
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Fig. 10. Tracking performance for all 50 sequences of OTB. (a) Success plots; (b) Precision plots.

Table 1
Speed of tracking methods (Average frame per second, FPS).
Method

Average FPS

Code

TAIPF
VAGT
Struck
TLD
AWLMC
VTD
CPF

9.4
12
8.5
76.9
7.0
3.1
56.5

Cþ þ
Cþ þ
Cþ þ
Cþ þ
Cþ þ
Cþ þ
Cþ þ

Fig. 11. Tracking performance of trackers with different alpha. (a) Success plots; (b) Precision plots.

and precision plots of TAIPF and TAIPF_1. The AUC scores of
success plots are all in [0.470, 0.473] and the scores of
precision plots are all in [0.634,0.637]. It is obviously that
the results vary in a small range, and it means that the
proposed method is robust to parameter π k .
From the above results, we can ﬁnd that our algorithm
is robust to the value of these parameters.

4.3.3. Other alternative appearance model instead of color
histograms
To illustrate the extendability of the proposed method, we
evaluate another version of the proposed tracker with an
alternative appearance model, i.e., joint color-texture histogram proposed in [55]. In the joint color-texture histogram,
apart from the conventional color histogram features, the
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Fig. 12. Tracking performance of trackers with different prior probability option, i.e., TAIPF and TAIPF_1. (a) Success plots; (b) Precision plots.

Fig. 13. Tracking performance of trackers with different appearance model, i.e., TAIPF and TAIPF_JCTH. (a) Success plots; (b) Precision plots.

texture features of the object are also extracted by using the
local binary pattern (LBP) technique [56] to represent the
object. The tracker using joint color-texture histogram
method is dubbed as TAIPF_JCTH. The weights of particles are
determined by the similar way described in Eq. (14), Eq. (15)
and Eq. (20). From Fig. 13, we can see that the AUC score in
success plot of TAIPF_JCTH is slightly better than the original
TAIPF’s and the score in precision plot is very close to TAIPF's.

5. Conclusions
We propose a top–down visual attention integrated particle ﬁlter for robust tracking in this paper. Experimental
results show the following key points. Firstly, the presented
method is robust to abrupt motion and longtime occlusion.
Secondly, the proposed tracker outperforms six other typical
trackers on the ﬁrst dataset with eleven challenging
sequences emphasize "abrupt motion" and "longtime
occlusion" attribute, while outperforms two baseline trackers

on the online tracking benchmark with 50 sequences. The
appearance model of the proposed method is the same as
that of VAGT, CPF and AWLMC. This indicates that the
robustness comes from the proposed top–down visual
attention integrated particle ﬁlter procedure.
Based on the proposed tracking framework, some future
work can be extended, such as learning a ﬂexible target model
to deal with changing target appearance and using directly
descriptors from computed feature maps instead of color histograms to make the tracker more coherent and also faster.
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