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In this paper, we propose an online hashing tracking method with a further exploitation of spatio- 

temporal saliency for template sampling. Specifically, spatio-temporal saliency is firstly explored to make 

the sampled templates contain true object templates as much as possible. Then, different from the previ- 

ous batch modes for hashing, the hashing function in this work is online learned by new pairs of collected 

templates received sequentially, in which the relationship between the positive templates and negative 

templates can be appropriately preserved that is more useful for visual tracking. With the hash coding for 

templates, the between-frame matching can be efficiently conducted. Besides, this work further builds a 

positive template pool as a memory buffer for object depiction, in which representative truly positive tar- 

get templates are gathered and utilized to restrain the degradation of the appearance model due to the 

error accommodation in online hashing. Extensive experiments demonstrate that our tracker performs 

favorably against the state-of-the-art ones. 

© 2017 Elsevier Inc. All rights reserved. 
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. Introduction 

Visual tracking is a classic and challenging problem in computer

ision. Because of the wide range of applications, e.g., human-

omputer interfaces, intelligent surveillance, video editing and de-

cription, etc., lots of researchers devoted their effort s to numer-

us trackers’ designing and progressed the tracking significantly.

owever, robust tracking is still challenging owing to the frequent

isturbance by heavy appearance occlusion, complex background

lutter, frequent rotating and scaling, abrupt motion, severe illumi-

ation changes, etc. ( Li et al., 2016 ). 

To address the above problems, most of the effort s are de-

oted to construct a robust object appearance model for tar-

et/background separation. The main purpose of appearance mod-

ling is to strengthen the distinctiveness of the object representa-

ion against the background. For achieving this, the object feature

ncoding is the key component. As for the feature encoding, ex-

sting appearance models over the decades can be categorized as

ncoding the low-level visual clues (e.g., the raw pixels, texture,

olor, gradient, feature points) ( Bao et al., 2012; Duffner and Gar-

ia, 2013; Mei and Ling, 2009; Zhang and van der Maaten, 2014 ),

id-level clues (superpixel as the main one Yang et al., 2014 ), and
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igh-level structural or semantical features, such as the context

riori ( Wen et al., 2014; Zhang et al., 2014b; Zhu et al., 2014 ), sub-

pace projection ( Li et al., 2013a; Ross et al., 2008 ), saliency maps

 Li et al., 2014; Mahadevan and Vasconcelos, 2013; Su et al., 2014 )

nd deep hierarchical features Wang et al. (2015) . For different lev-

ls of features, high-level ones have the straightforward meaning

or object representation but are difficult to obtain while low-level

isual ones are easy to extract but cannot represent the target

ontent robustly. Recently, some trackers ( Yang et al., 2014; Yuan

t al., 2014 ) have utilized the superpixel as a trade-off to model

he object appearance. However, superpixel segmentation is time

onsuming Borji et al. (2014) . Hence, the low-level visual features

till are the main choice in trackers’ designing, such as the color

nformation in the newest works ( Liang et al., 2015; Zhang et al.,

014a ), and multi-feature fusion is a common strategy for improv-

ng the tracking performance ( Lan et al., 2014 ; Wang et al., 2013;

ang et al., 2014; Zhang et al., 2013 ). Despite of the demonstrated

uccess of feature integration for tracking, the feature fusion may

ncrease the computational burden ( Liang et al., 2015 ) mainly be-

ause of the large-dimension issue. 

To this end, hash-learning recently attracts the attention of re-

earchers significantly in many computer vision applications, such

s image retrieval ( Chen et al., 2014; Liu et al., 2014 ) as well as

racking ( Du et al., 2015; Li et al., 2013c; Ma and Liu, 2015 ). For

xample, Ma and Liu (2015) constructed a two-dimensional hash-

ng method for appearance modeling. Du et al. (2015) proposed a

http://dx.doi.org/10.1016/j.cviu.2017.03.006
http://www.ScienceDirect.com
http://www.elsevier.com/locate/cviu
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tracker based on discriminative supervised learning hashing. With

the learned hash functions, all target templates and candidates are

mapped into compact binary space. Then, SVM classifier is ex-

ploited to consider the discriminative information between sam-

ples with different labels. However, the existing hash-based track-

ers updates the hash functions with all the samples collected in

new frame via a batch mode, which is not a real online manner

claimed to be efficient for large-scale object tracking. In addition,

these hashing trackers collect positive and negative templates in

each frame simultaneously. Nevertheless, positive templates often

are difficult to accurately gather because of matching error. 

In this paper, we propose a tracking method via an online

pair-wise hashing algorithm. In the first frame, we sample some

positive and negative templates for hashing function initialization.

Then, the newly collected pair of templates is accommodated into

the hash-code based appearance model with a kernel mapping

based passive-aggressive learning strategy ( Crammer et al., 2006 ).

With this pair-wise strategy, the relationship between the posi-

tive templates and negative templates can be appropriately pre-

served that is very useful for visual tracking. In addition, with

the encoded hash-code based features, the between-frame tem-

plates can be efficiently matched. Although the online manner can

adapt to the dynamic scene effectively, the error accommodation

and propagation are the main issue in online learning ( Grabner

and Bischof, 2006 ). Therefore, this paper further builds a template

pool to collect the truly positive template in each frame, and up-

dates it with an effective and efficient way. With the constructed

positive template pool, the object appearance model in our online

hashing can be robustly corrected when degradation occurs be-

cause of heavy occlusion, appearance changes, and so on. In sum-

mary, our tracker can be ranked into the discriminative framework

( Babenko et al., 2011b; Bai et al., 2013; Zhang et al., 2015 ), fo-

cusing on building online classifiers to distinguish the target from

the background, in contrast to the generative-based ( Kwon et al.,

2014; Zhang et al., 2014b ) focusing on learning the target appear-

ance model and searching the most similar region according to the

learned template model. 

All the discriminative trackers need to face the template sam-

pling issue. The existing sampling methods in tracking, such as

window sliding ( Li et al., 2013c ), gradient descent ( Zhou et al.,

2009 ), stochastic sampling ( Li et al., 2013a; Zhong et al., 2014 ),

dense sampling ( Zhang et al., 2014b ), etc., commonly treat the tar-

get center in the previous frame as the starting point for sampling.

However, the object in current frame may demonstrate large dis-

placement relative to the previous time, e.g., abrupt motion occur-

rence, which may make the sampled templates with poor quality,

and cause severe drift. Therefore, this paper extracts template sam-

pling center by a multi-clue based spatio-temporal saliency model

(will be explained in Section 4 ). By that, the salient target region

in each frame is detected, and can produce greater improvement

in our tracking. 

To summarize, our contributions are three-fold: 

(1) This work firstly proposes a real online hashing tracker. Dif-

ferent from previous ones, the hashing function is online learned

by new pairs of collected templates received sequentially, in which

the relationship between the positive templates and negative tem-

plates can be appropriately preserved that is more useful for visual

tracking. 

(2) We build a positive template pool as a memory buffer for

object depiction where representative true positive target tem-

plates are stored and used to restrain the object appearance model

from degradation in online hashing. 

(3) We introduce a multi-clue based spatio-temporal saliency

model to guide the template sampling. Different from the other

saliency models in tracking, we can adaptively select the best clue

for object saliency computation and generate a saliency map with
ood distinction for object and background when illumination or

ppearance change occurs. 

We thoroughly evaluate our tracker with state-of-the-art track-

rs on 50 challenging sequences, and the results demonstrate that

ur tracker performs favorably better than the state-of-the-arts. 

The remainder of this paper is as follows: Section 2 presents

he related works to this paper. Section 3 gives the tracker

verview. Section 4 depicts the spatio-temporal saliency model

or guiding the template sampling. Section 5 describes our online

ashing method for visual tracking. Experiments and discussions

re given in Section 6 . The conclusion is finally summarized in

ection 7 . 

. Related works 

Based on the motivation of this work, the literatures on hashing

ethods and hashing trackers are presented as follows. 

.1. Hashing methods 

Hashing methods recently attract attention of researchers for

pproximating the nearest neighbors in machine learning field, and

re successfully applied in image retrieval ( Chen et al., 2014; Liu

t al., 2014 ), face indexing ( He et al., 2015 ), and so on. The main

haracteristic of hashing aims to map the high-dimensional data

o a compact binary code, solving the scale and dimension in-

reasing problem with a constant time. Generally, hashing meth-

ds can be categorized as data-independent ones and data depen-

ent ones ( Chang, 2012 ). In the data-independent ones, locality-

ensitive hashing (LSH) ( Charikar, 2002 ), as the most represen-

ative one, constructed hash functions with random projection.

ater, the variants of LSH, such as min-hash ( Chum et al., 2008 )

nd � p, p ∈ (0, 2] -stable hashing ( Datar et al., 2004 ), obtained good

erformance in pattern recognition and computer vision applica-

ions. However, data-independent hashing methods have an is-

ue that pursuing high-accuracy needs long hash codes to guar-

ntee, which loses the original intention of hashing. Hence, data-

ependent hashing approaches have become the main kind, where

he label information, distribution and similarity of data can be

xploited effectively. Based on the utilization of label information,

ata-dependent hashing methods can be further divided into unsu-

ervised ( Weiss et al., 2008 ), supervised ( Chang, 2012 ), and semi-

upervised methods ( Wu et al., 2013a ). Among these methods, su-

ervised and semi-supervised hashing approaches take the label

nformation or pair-wise correlation of data into account. For ex-

mple, Weiss et al. (2008) achieved a spectral hashing method

hich solves nonlinear functions along the principal components

f the data. Liu et al. ( Chang, 2012 ) proposed a kernel-based su-

ervised hashing method which minimizes on similar pairs of data

nd simultaneously maximizes on dissimilar pairs of data, and

chieved a high-quality of hashing. Wang et al. ( Wu et al., 2013a )

onstructed a semi-supervised nonlinear hashing using bootstrap

equential projection learning. Although the data-dependent hash-

ng methods generate a higher performance than data-independent

nes, they are all batch mode learning that learns the hash func-

ions once for all data, which is impractical for large-scale sequen-

ial data application. For overcoming the above problems, Huang

t al. (2013) proposed an online hashing method, and online man-

er begins to attract the attention in hashing methods, such as the

daptive hashing ( Cakir and Sclaroff, 2015 ) proposed by Cakir and

claroff and the online sketching hashing ( Leng et al., 2015 ). In-

pired by the efficient feature encoding for large-scale data via on-

ine hashing methods, this paper proposes a robust visual tracking

ethod via online hashing. 
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.2. Hashing trackers 

Owing to the efficient feature encoding, some hash-based track-

rs have been constructed. For instance, Li et al. (2013c ) proposed

 tracking method by learning the compact binary code, in which

ositive and negative samples are encoded by a randomized de-

ision trees. By growing the leaf-node of trees, the feature fusion

as conducted. Although this method obtains an effective track-

ng performance, it needs a sample buffer to store the positive and

egative samples, discarding the oldest ones when the buffer over-

ows, and updating the hash function with all the samples in new

rame by an incremental latent-structured support vector machine

LS-SVM). Ma and Liu (2015) proposed a two-dimensional hashing

ethod for visual tracking. By hashing each image patch into in-

ependent hash functions, the similarity of the templates is com-

uted by matching the hashing functions of registered pair-wise

atches. Apparently, the similarity measurement is not suitable for

eformative objects. Although the work of Ma and Liu (2015) uti-

ized an incremental 2DLDA-like model to update the hash func-

ions, the updating needs to train all the samples in current frame

ith a batch mode. It is similar to the work of discriminative hash

racker Du et al. (2015) proposed recently. Besides, these hash-

ased trackers need to gather positive and negative samples in

ach frame simultaneously. However, the positive samples some-

imes are difficult to collect accurately because of matching errors.

ence, we utilize an effective strategy that only the negative tem-

lates are used to update the hash functions, and the object repre-

entation is strengthened with a positive template memory buffer

ollected timely. 

. Tracker overview 

In this work, we formulate the visual tracking problem within

he particle filtering framework. In this context, the target state x t 
t time t can be determined by the posteriori probability p ( x t | y 1: t ),

enoted as: 

p( x t | y 1: t ) = p(y t | x t ) 

∫ 
p(x t | x t−1 ) p(x t−1 | y 1: t−1 ) dx t−1 , (1)

here y 1: t is the observation set of target up to time t , p(x t | x t−1 )

s the motion model, and p ( y t | x t ) specifies the observation model

valuating the likelihood. With that, the optimal target state ˆ x t at

ime t is obtained by the maximum a posteriori (MAP) over a set

f templates, 

ˆ  t = arg max 
x t 

p(y t | x t ) p(x t | x t−1 ) . (2)

With respect to the motion model p(x t | x t−1 ) , most of the

orks formulate it by a Gaussian function ( Jia et al., 2012; Zhong

t al., 2014 ) N (x t ; x t−1 , �) with mean x t−1 as the target state,

ontaining six parameters which are horizontal translation, vertical

ranslation, rotation angle, scale, aspect ratio, and skew, in the pre-

ious time and the diagonal covariance matrix �. However, the ob-

ect between frames may demonstrate large motion displacement

see Fig. 1 ). Hence, the sampled templates are prone to contain

ather a little portion of positive ones which are easy to cause the

onfusing observation. Motivated by the works ( Mahadevan and

asconcelos, 2013; Su et al., 2014 ), the multi-clue saliency mea-

urement is successfully embedded into object tracking for guiding

he localization. 

However, the existing trackers, implanting the saliency strat-

gy, do not evaluate the importance of different feature clues and

nly utilize the saliency evaluation on the current frame, which

ay degrade the tracking performance when encountering the

ackground clutter and illumination changes. Therefore, in this

ork, we propose a spatio-temporal saliency model (explained in

ection 4 ) to guide the template sampling and obtain an adaptive
election on different feature clues when extracting the salient re-

ion. 

In terms of the observation model p ( y t | x t ), this work formulates

t with the proposed online hashing mechanism which will be de-

icted in Section 5 in detail. The visual flowchart of the proposed

racker which is simplifying named it as OKH is summarized as

ig. 2 . 

. Template sampling with spatio-temporal saliency guidance 

In this paper, we formulate the motion model p(x t | x t−1 ) simi-

arly as a Gaussian distribution N (x t ; ˜ x t−1 , �) , while ˜ x t−1 is differ-

ntly not the target state in the previous time. Instead, we propose

 spatio-temporal saliency model to search the most appropriate

ocation for ˜ x t−1 , so as to make x t as close to the true target posi-

ion in current frame as possible. Hence, our goal for effective tem-

late sampling is converted to find the important region in both

nter frames and inner frame with a temporal and spatial consider-

tion. In this work, the perspectives of color, position and gradient

re incorporated. 

.1. Spatial saliency 

It is well known that in the particle filter, the positive tem-

lates are drawn around the target location within a radius of a

ew pixels, and negative templates consist of images some pixels

arther away from the target location within an annular region. In

his work, we set the size of the annular region is twice the size

f the target region. Therefore, for the salient region at time t , dif-

erent from the work Su et al. (2014) detecting the salient region

n the whole image, this work finds the important region in a local

ectangle image region R t centered in the target location of x t−1 at

(t − 1) th frame, composing the tracked target region at time t − 1 

nd a larger annular region surrounding it, as shown in Fig. 1 (a).

he purpose is to suppress the influence of the complex environ-

ents with less time cost. Then, two useful cues are adopted, i.e.,

ocal contrast and location heuristic ( Yan et al., 2014 ). 

.1.1. Local contrast 

Local contrast computes the salient value for each image pixel

o its surrounding neighborhood. The region with higher value of

ocal contrast is more attractive to human eyes ( Borji et al., 2014 ).

he local contrast value LC i of pixel p i in R t is computed by com-

aring it with all the other pixels in R t , denoted as: 

C i = 

∑ 

j, j � = i 
ω( p i , p j ) ‖ f i − f j ‖ 2 , (3) 

here ω( p i , p j ) is the distance between p i and p j , and is set as

 

−D ( p i , p j ) / λ
2 

controlling spatial distance influence between two pix-

ls, where λ2 is the parameter controlling the size of surrounding

eighborhood. D ( ·) is the square of Euclidean distances between p i 

nd p j . f i and f j are the feature vector of p i and p j , respectively.

q. (3) indicates that closer pixels have larger impact than distant

nes. 

.1.2. Location heuristic 

Location heuristic evaluates the location impact to image re-

ions. Based on the observation, human attention favors image

enter Borji et al. (2014) . Hence, location heuristic value LH i of

ixel p i in R t is calculated by: 

H i = exp {−‖ l i − l c ‖ 

2 / 2 γ 2 } , (4)

here l i and l c are the coordinate of p i and the center of R t , re-

pectively, and γ 2 is the parameter controlling the window size

or normalizing LH . 
i 
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(a) (b) (c)

#003#004#005#006#007#008#009#010#011

(d) (e)

Fig. 1. Comparison of typical examples for template sampling guidance. (a) are the original color image region with an object marked by dashed line; (b) are the obtained 

salient regions by our spatio-temporal saliency model; (c) are the results generated by a newly proposed spatio-temporal contextual model Zhang et al. (2014b ); (d) and (e) 

are the tracked results by our model and Zhang et al. (2014b ), respectively. 

Constructed template memory 
buffer up to time t-1

RGB color mode Lab color mode Spatio-temporal 
saliency model

center

Negative templates

Positive templates

channel 1

channel 2

channel 3
Average operation

Online pair-wise hashing

Template encoding

Newly learned 
hash code set

Time t-1

Time t

Positive Binary code set

Negitive Binary code set

Sampling

 concatenation

Template matching Object localization

Hashing

Fig. 2. Flowchart of the proposed tracker. 
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Consequently, the spatial saliency of pixel p i is computed by

combining h i with c i , and defined as: 

s i = LH i ∗ LC i . (5)

After computing the spatial saliency value for each pixel, we

obtain a saliency map S f = { s i } i =1 
N for one kind of feature, such as

color, where f is the feature index and N is the pixel number. As-

sume that there are F spatial saliency maps for F kind of features

are available, most of the saliency methods commonly adopt the

summation ( Li et al., 2013b ) or inner-product ( Yan et al., 2014 ) op-

eration to combine them. It is obvious that these fusions are lim-

ited for object tracking, e.g., the environment with complex back-

ground clutter. Hence, we select them adaptively with a temporal

consideration (see Section 4.2 ). 

4.2. Spatio-temporal saliency 

In order to integrate the temporal saliency, to be specific, we

exploit the temporal statistics of the representation difference of

object and background with respect to different features over time

to adaptively weigh the visual features for saliency computation. 

For achieving this, we first utilize the histograms to model the

representation distribution of the object region and the annular

background region (as shown in Fig. 1 (a)) for the f th kind of fea-

ture (e.g., color). Second, we formulate the pair-wise histogram dif-

ference �e 
f 

of the object and background with respect to feature
t 
 at time t using χ2 distance: 

e f t = χ2 (H 

ob 
t , H 

bc 
t ) , (6)

here χ2 ( b 1 , b 2 ) = 

1 
2 

∑ b 
i =1 

| b 1 (i ) −b 2 (i ) | 2 
b 1 (i )+ b 2 (i ) 

is with b number of bins,

nd H 

ob 
t and H 

bc 
t are the normalized histograms for object and

ackground representation. �e 
f 
t is used to model and update the

emporal statistics of the representation difference of object and

ackground with respect to the f th kind of feature in following.

hird, this paper utilizes a Gaussian distribution N (μ f 
t , �

f 
t ) to

odel the temporal statistics of the representation difference of

bject and background to the f th kind of feature over time. With

hat, the weight of different visual feature in the t th frame for

aliency computation is computed as: 

 

f 
t = μ f 

t / 

F ∑ 

f=1 

μ f 
t , (7)

here μ f 
t = δμ f 

t−1 
+ (1 − δ)�e 

f 
t , �

f 
t = δ� f 

t−1 
+ (1 − δ)� f 

t , and δ is

 learning rate balancing the current object-background represen-

ation difference with the historical ones (set as 0.3 for this work).

Eq. (7) is prone to select the feature with larger representation

ifference for object and background, which indicates that the spa-

ial saliency map with more salient object region is favored. With

he temporal consideration, the spatio-temporal saliency at time t
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W  
s written as: 

 t = 

F ∑ 

f=1 

w 

f 
t S 

f 
t . (8)

aking Fig. 1 as an example, the computed saliency map can ro-

ustly find the most salient region in each frame. Then the object

enter for ˜ x t−1 is computed by the object-biased measurement, see

ork of Li et al. (2013b ) for detail. 

. Online hashing for visual tracking 

In this section, we will give the online hashing method for vi-

ual tracking. Firstly, a brief review about the traditional super-

ised hashing is given. Next, the tracking method via online hash-

ng is presented. Specially, in the online hashing tracking, we con-

truct a true positive template pool collected in historical time to

estrain the appearance degradation of online hashing, and make

he tracking performance improved. 

.1. Supervised hashing 

The goal of supervised hashing is to generate a R -bit binary

ode h ∈ {−1 , 1 } R for each training sample whose label information

s exploited, i.e., obtaining the hash functions { h r (y ) } R r=1 by learn-

ng the hash projection vector w r ∈ R 

d , where y ∈ R 

D is the ob-

erved feature vector, and D is the feature dimension. It is worth

oting that in order to make the sample more separable, d sam-

les are usually selected randomly as the references, and kernel

rick ( Chang, 2012 ) is commonly utilized to map the original fea-

ure set to references, e.g., mapping y ∈ R 

1 ×D to z ∈ R 

1 ×d . Gener-

lly, the linear projection hashing is utilized owing to its efficiency

nd simplicity, and defined as: 

 r (z ) = sgn (w 

T 
r z + b r ) , 1 < r < R, (9)

here b r is a threshold, and sgn is the sign function. For clearer

escription, we define w r as [ w 

T 
r , b r ] 

T , and redefine z to be [ z T ,

] T , and the hash function becomes: 

 (z ) = sgn (W 

T z ) , (10)

here W 

T ∈ R 

R ×(d+1) is the hashing projection matrix and h =
 h 1 (z ) , h 2 (z ) , . . . , h R (z )] T . Because Eq. (10) is not differentiable, its

ptimization is hard to conduct. Many hashing methods utilize the

tructured SVMs ( Finley and Joachims, 2008 ) to solve W 

T , i.e.: 

 (z ) = arg max 
h ∈{−1 , 1 } R 

h 

T W 

T z . (11)

In general, the label information of training samples is obtained

y evaluating the similarity of their binary codes, and Hamming

istance is widely adopted. If the samples are more similar, Ham-

ing distance should be smaller. 

With the label information and projection strategy, most of the

ashing methods learn the hashing functions once for all sam-

les, e.g., random trees ( Charikar, 2002 ), which are impractical for

arge-scale data. Fortunately, Huang et al. (2013) proposed an on-

ine hashing method recently. In each learning rounds, there is only

ne pair of samples received, and is in sense of a passive aggres-

ive strategy ( Grabner and Bischof, 2006 ). Because of the pair-wise

assive aggressive strategy, the relationship of different kind of

amples are appropriately preserved. Motivated by that, this paper

or the first time introduces the online hashing algorithm ( Huang

t al., 2013 ) into object tracking. 

.2. Online hash tracking 

In this subsection, we will give the whole tracking procedure.

irstly, we sample some positive and negative templates by the
redefined Gaussian motion model assisted by a guidance of the

patio-temporal saliency aforementioned in Section 4 , and encode

hem with an exploitation of color information. Secondly, the core

nline hashing code learning for sequentially arrived template fea-

ures is given. Thirdly, we construct an efficient and effective strat-

gy for between-frame template matching, and select the candi-

ates with top matching scores for true target approximation. Fi-

ally, we further build true template memory buffer for object de-

cription to select the best template candidate as target. 

.2.1. Feature encoding 

As claimed that local representations for template are superior

o holistic ones, and motivated by the work ( Liang et al., 2015 )

hich proves Lab color space almost obtained the largest gain for

oosting the tracking performance, we utilize a patch-based color

emplate representation. For a color template T ∈ R 

c×a ×b after re-

izing, where c is the channel number of Lab space, and [ a, b ] is

he size of the template. In order to obtain a pure representation,

e slide each color template with a 4 × 4 window to filter the in-

vitable noise pixels because of imaging condition. Then, the aver-

ge of each sliding window is computed, and all of them of a tem-

late in each channel are stacked into a feature vector. The color

emplate is represented by concatenating the vectors obtained in

hree color channels. Here, we denote the feature vector for each

olor template as y ∈ R 

1 ×D , where D is the dimension of each fea-

ure vector. Specially, y is normalized into [0, 1] by � 2 -norm. 

.2.2. Online hash code learning 

In the first frame, we draw m positive templates { y i } m 

1 
∈ R 

m ×D 

round the target location within a radius of a few pixels, and n

egative templates { y j } n 1 
∈ R 

n ×D some pixels further away from the

arget location within an annular region, where D is the feature di-

ension. Then, for a pair of feature vector, i.e., y i and y j , this paper,

ifferent from Huang et al. (2013) , incorporates both the location

nd appearance of them into the similarity evaluation, which is de-

ned as: 

 (y i , y j ) = d(y i , y j ) exp {−‖ l i − l j ‖ 

2 /σ } , (12)

here d(y i , y j ) = 

1 
Z ‖ y i − y j ‖ 2 is the standard Euclidean distance,

here Z is the factor for normalization, and l i and l j are the posi-

ion of y i and y j . With a normalization of s ( y i , y j ) ∈ [0, 1], the sim-

larity label of y i and y j are given as: s = 1 , if the normalized s ( y i ,

 j ) is less than 0.01, and s = −1 for vice versa. With the similarity

abels, the loss of the learned hash codes in this work is defined

s loss (H , s ) = H(h i , h j ) , if s = 1 , and loss (H , s ) = R − H(h i , h j ) , if

 = −1 , where H ( ·) is the Hamming distance, and H = [ h i , h j ] is the

earned pair-wise hash code of feature pair [ y i , y j ]. Note that com-

ared with the appearance measurement, Eq. (12) also exploits the

moothness of the target state between frames. 

With the computed similarity labels of templates, the next

ork is to learn the projection matrix W for template hashing. In

his work, W is initialized as W LSH ∈ R 

(d+1) ×R sampled from a zero-

ean multivariate Gaussian N (0 , I ) , where d < (m + n ) is the num-

er of templates that are randomly selected as the references for

eature mapping. In this work, we follow Chang (2012) to map the

eature space. Assume the learned projection matrix in l th rounds

o be W l . Meanwhile, we suppose that the newly received feature

air Y l = [ y l 
i 
, y l 

j 
] is mapped into Z l = [ z l 

i 
, z l 

j 
] , and we can use the la-

eled information which tells the pair is dissimilar or not to gen-

rate an optimal hash code G l = [ g l 
i 
, g l 

j 
] . Here, the pair-wise hash

ode H l = [ h 

l 
i 
, h 

l 
j 
] is obtained by using Eq. (11) . In order to preserve

he information already learned, the newly learned W l+1 should

tay as close to W l as possible ( Huang et al., 2013 ). Hence, the ob-

ective function for learning W is denoted as: 

 l+1 = arg min 

W 

1 

2 

‖ W − W l ‖ 

2 + Cξ , ξ > 0 , (13)
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Fig. 3. Tracking performance on “woman” sequence with different hash bits. 
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where C is a positive constant named as aggressiveness param-

eter, ξ is a non-negative variable for minimizing the prediction

loss. In order to get a better solution of W l+1 , the optimization

of Eq. (13) forces the learned hash codes of Z l = [ z l 
i 
, z l 

j 
] to ap-

proximate the optimal hash code G l as close as possible. Hence,

the prediction-based loss function � ( W, H l , G l , s ) ( Crammer et al.,

2006 ) is introduced, written as: 

� (W , H l , G l , s ) = H l (W ) − G l (W ) + 

√ 

loss (H l , s ) 

= (h 

l 
i − g 

l 
i ) W 

T z l i + (h 

l 
j − g 

l 
j ) W 

T z l j + 

√ 

loss (H l , s ) . 

(14)

It is clear that if � ( W, H l , G l , s ) = 0, G l (W l+1 ) = H l (W l+1 ) +√ 

loss (H l , s ) > H l (W l+1 ) . It indicates that the temporary value of

ˆ g l in optimization is prone to the optimal hash code set G l rather

than H l . By adding the constraint � ( W, H l , G l , s ) > ξ to Eq. (13) , Eq.

(13) can be solved by Lagrangian optimization ( Huang et al., 2013 ).

Different from the previous hash trackers, the learning processes

each feature pair sequentially, which can preserve the relationship

of samples than the batch-mode strategy, and is more adequate for

tracking. 

To make a concise description, this work only discusses the

case of dissimilar pairs and the inference for similar pairs can

be similarly developed. For the optimal hash code set G l in-

ference, we derive a difference π = H(g l 
i 
, g l 

j 
) − H(h 

l 
i 
, h 

l 
j 
) , where

H ( ·) is the Hamming distance. In the inference, aiming at updat-

ing W as few as possible, and preserving the learned informa-

tion as more as possible, this work picks up the bits whose in-

dexes satisfy H(h 

l 
i (r) 

, h 

l 
j(r) 

) = 1 , and set π as R − H(h 

l 
i 
, h 

l 
j 
) . Then,

the contribution of each bit of hash code is determined by ρr =
max (h 

l 
i (r) 

w 

l 
r 

T 
z l 

i 
, h 

l 
j(r) 

w 

l 
r 

T 
z l 

j 
) . Sort ρr and select the corresponding

hash bits of the π largest ρr to be different from H l and others to

the same as H l . The resulted pair-wise hash code is denoted as G l . 

As for the hash bits R in this work, we run the “woman ” se-

quence with different hash bits (Set as 32, 64, 96, 128, 160, 192,

respectively). The tracking results are shown in Fig. 3 . We notice

that too short hash bit is not reasonable because of the poor ability

of information preservation, and longer hash bit upgrades the per-

formance finitely. Considering the performance and the efficiency,

this work fixes the hash bits as 128 in all the experiments. 

5.2.3. Template matching 

In this work, given the hash projection matrix W t−1 learned

at (t − 1) th frame, we can derive the hash code sets for positive
nd negative templates by Eq. 10 , specified as H 

+ 
t−1 

= [ h 

+ 
1 
, . . . , h 

+ 
m 

]

nd H 

−
t−1 

= [ h 

−
1 
, . . . , h 

−
n ] , where h ∈ {−1 , 1 } R is the hash code of

ach template. For the new template set sampled at the newest

rame, this work first hashes them into the hash codes H t , and

hen presents an efficient and effective object matching method,

nd the matching score S of H t is computed by: 

 = H 

T 
t H 

+ 
t−1 

− H 

T 
t H 

−
t−1 

, (15)

here · is the average operation in row direction. The hidden

eaning of Eq. (15) is to make the matched target template be

ore similar to the ones of the target and dissimilar to the ones

f the background. Although online hashing is more efficient than

he batch-mode ones, it also has the issue of the error accommo-

ation existing in online learning. Hence, after template matching,

n order to obtain a more accurate result, we sort S in a descender

rder, and select template candidates with top Q matching score

or a further examination. For this purpose, we build a true posi-

ive template memory buffer collected timely in following, and se-

ect the best target template as the tracked result. 

.3. Object localization 

Assume the constructed true positive template pool is

 t−1 (O p , αp ) , p = 1 , 2 , . . . , P at time t − 1 , where { O p } P 1 is the pos-

tive template set collected timely, { αp } P 1 is the related weight set

or { O p } P 1 , and P is the size of the template pool. Given the tem-

late candidates { C q } Q 1 
with top Q matching scores at time t , this

aper goes back to compute the similarity of their original color-

ased feature vector to the ones of the T t−1 (O p , αp ) . That is be-

ause original feature vector has richer information than the hash

odes. For the similarity measurement, this paper proposes a dis-

ance transform: 

q = 

P ∑ 

p=1 

αp 

(
D 

max 
i =1 

| O p(i ) − C q (i ) | −
D 

min 

i =1 
| O p(i ) − C q (i ) | 

)
(16)

here βq is the confidence of C q , D is the feature dimension of

riginal feature vector, and | · | is the absolute operation. The pro-

osed distance is similar to the minimum barrier distance (MBD)

 Ciesielski et al., 2014 ) which computes the path cost of consec-

tive pairs of pixels in image, and is more robust to illumina-

ion changes and blur than geodesic distance and Euclidean dis-

ance ( Ciesielski et al., 2014 ). That is because the operation of

ax (·) − min (·) is prone to measure the difference of distribu-

ions. Differently, the distance transform in Eq. (16) is a weighted

BD (WMBD) which can better consider the importance of col-

ected templates in localization. With that, the optimal target state

t time t is determined by: 

ˆ  t = arg min 

x q ∈{ x q } Q 1 

βq . (17)

As for Eq. (16) , another key component for the success of

 t−1 (O p , αp ) is to determine the weight set { αp } P 1 . To this end, this

aper proposes an adaptive strategy for updating { αp } P 1 . To be spe-

ific, we introduce a vote set { v p } P 1 for { O p } P 1 to represent the tem-

late importance, where the larger the value of v p is, the more im-

ortant the O p is. 

eight set updating. At the t th ( t < P ) frame, set the vote value

f each collected template as 1, and their weight α1: t = 

1 ∑ 

p=1: t v p 
.

eanwhile, put the newly collected template C t and its weight αt 

t the end of the template pool. 

For the t th ( t > P ) frame, measure the similarity of the tem-

lates in T t (O p , αp ) with the target template C T of the optimal tar-

et state ˆ x t . Then, we re-compute WMBD between C and each
T 
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emplate in T t (O p , αp ) , and denoted as βp . If βp < β̆, v p = v p + 1 ,

nd reweigh αp as αp = 

v p ∑ 

p=1: P v p 
. 

After that, the template pool is updated by removing the tem-

late with least weight, and putting the template sample of ˆ x t into

ts end. In order to prevent the newly collected template from dis-

arding early, we set the vote of the newly collected true positive

emplate as the mid-value of { v p } P 1 . 

ighlights. With this strategy for template updating, the target re-

ions at the beginning frames are favored by the template pool.

herefore, we can find that the updating strategy on one hand can

estrain the appearance degradation owing to the error accommo-

ation in online hashing, and on the other hand can help to re-

nd the target when heavy occlusion occurs. Although this strat-

gy somewhat seems ad-hoc, it can boost the performance signifi-

antly. 

.4. Template updating 

In this work, we only use the negative templates sampled some

ixels farther away from the target location within an annular

egion to update the online hashing model. That is because the

racked target is easy to change, and may degrade the appear-

nce model. Besides, the online hashing model is updated ev-

ry 5 frames. Therefore, the object tracking in each frame can be

chieved by merely conducting Eq. (15) , and can boost the effi-

iency significantly. 

. Experiments and discussions 

Because colorful videos are more common in practical applica-

ions, this paper evaluates the proposed tracker on 50 color se-

uences (named as OKH-Color50 (with 22190 frames)). They are

ollected from the widely used benchmark ( Wu et al., 2013b ) for

nline tracking and the newly proposed video benchmark ( Liang

t al., 2015 ). The frame initialization of OKH-Color50 dataset is

hown in Fig. 4 , and the confusion matrix of 10 challenging at-

ributes and 7 object categories are demonstrated in Fig. 5 (a) and

b), respectively. The challenging attributes (simplified as “Attr ”)

oncerned in this work are explained as that “IV ”, “SV ”, “OCC ”,

DEF ”, “MB ”, “FM ”, “IPR ”, “OPR ”, “BC ”, “LR ” represent that the tar-

ets in the sequences are with illumination variation, scale varia-

ion, occlusion, non-rigid deformation, motion blur, fast motion, in-

lane-rotation, out-plane-rotation, background clutter or low reso-

ution challenging attributes, respectively. In all the sequences, the

round-truth of the target is labeled manually in each frame. 

For evaluating the superiority of the proposed tracker, twelve

tate-of-the-art trackers are selected as the competitors. They are

rag ( Adam et al., 2006 ), DFT ( Sevilla-Lara, 2012 ), ASLA ( Jia et al.,

012 ), MIL ( Babenko et al., 2011a ), OAB ( Grabner and Bischof,

006 ), VTD ( Kwon and Lee, 2010 ), Struck ( Hare et al., 2011 ), CT

 Zhang et al., 2012 ), TGPR ( Gao et al., 2014 ), MEEM ( Zhang et al.,

014a ) and the newly proposed HSKCF (high speed tracking with

ernel correlation filters) ( Henriques et al., 2015 ) and MUSTer

 Hong et al., 2015 ). In order to obtain a fair comparison, the op-

imal parameters in all these trackers remain unchanged. In the

eantime, this paper runs each tracker for five trials, and ob-

ains the average performance as the baseline. For the performance

valuation, quantitative and qualitative ones are provided. Among

hem, quantitative evaluation utilizes two metrics: 

1) Center location error (CLE) that measures the distance be-

ween the centers of the tracked target and the ground-truth. 

2) Success rate (SR) that computes the percentage of frames

here the overlapping rate 
B T ∩ B G 
B T ∪ B G is greater than a threshold (set

s 50% empirically), where B and B are the bounding boxes of
T G 
redicted target and related ground-truth, respectively, and ∩ and

 are the intersection and union of two regions, respectively. 

Qualitative evaluation is given by demonstrating the snapshot

rames of the sequence where the tracking results of the target are

arked by different colorful bounding boxes. 

.1. Implementation setups 

Our tracker runs at 9 fps on a platform with 3.60 GHz CPU

nd 4GB RAM. As mentioned before, the proposed tracker in this

aper is ranked as the discriminate framework. The number of

he positive and negative tracking templates in the first frame are

et as 50 and 150, respectively. Besides, this work similarly uti-

izes the affsig parameters like ( Jia et al., 2012 ) yet a less num-

er of particles, (i.e., 300 is enough), because of the effective-

ess of the proposed spatio-temporal saliency model. Besides, this

ork utilizes Lab color space and histogram of oriented gradient

HOG) to represent the color and gradient information of pixels

hen evaluating the spatio-temporal saliency, where the cell size

f HOG operator is 8 × 8. For the templates, this paper resizes

hem as 32 × 32. Consequently, with the sliding window with the

ize of 4 × 4 in template encoding, the feature dimension of a

olor-based template is 225 × 3 = 675 . In addition, the target can-

idate number Q in object localization is set as 20. The size of

he constructed template memory buffer in this work is fixed to

0. In the online hashing, we need to determine the kernel func-

ion κ and the number of samples d for feature set mapping. In

his work, we feed the online hashing the Gaussian RBF kernel

 κ(x, y ) = exp (−‖ x − y ‖ 2 / 2 σ 2 ) ) and d as 10 and 30 for positive

emplates and negative templates, respectively. The aggressiveness

arameter C is set as 0.001. To make a fairer comparison, all the

arameters are fixed in the experiments. 

.2. Evaluations 

In order to demonstrate the superiority of the proposed tracker,

e firstly give the overall performance evaluation on the 50 video

equences. Specifically, the precision plots and the success rate

lots are shown in Fig. 6 , where the precision plots are ranked

y the result at the CLE threshold of 20 pixels and the success

ate plots are ranked by the value of area under curve (AUC). Be-

ides, we also demonstrate the performance in Table 1 and Table 2

o show the ability for tackling different challenging attributes by

istinct trackers. It can be observed that MUSTer, MEEM and OKH

an be generally ranked as the top three ones. Besides, one main

dvantage of hashing methods is that they can integrate more ro-

ust features flexibly without increasing the computation burden

f training because of the fixed hash bits. Therefore, OKH is the

est with overall evaluation. 

To give a more thorough comparison, the detailed in-depth

nalysis of the comparison between OKH and the state-of-the-arts

s illustrated as follows. 

.2.1. Background clutter 

In this situation, the surrounding background of the target al-

ays distracts the tracker and causes drift easily. From the results

n Fig. 7 , we can observe that MUSTer and our tracker are mani-

estly superior to others. This benefits from: 1) the spatio-temporal

aliency model in this work which owns the important role in

his situation because of the adaptive selection for the visual clue

i.e., color or gradient) utilized for salient object extraction in each

rame; 2) the pair-wise online hashing which can better preserve

he relationship of positive and negative samples generating a ro-

ust target/background separation, and 3) the most important rea-

on that MUSTer and OKH both have the long-term memory to

tore the historical template knowledge. 
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Fig. 4. Frame initialization of the OKH-Color50 dataset, where “IV ”, “SV ”, “OCC ”, “DEF ”, “MB ”, “FM ”, “IPR ”, “OPR ”, “BC ”, “LR ” represent that the targets in the sequences are 

with illumination variation, scale variation, occlusion, non-rigid deformation, motion blur, fast motion, in-plane-rotation, out-plane-rotation, background clutter or low resolution 

challenging attributes, respectively. 
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Fig. 5. The statistics of the video sequences. (a) The confusion matrix of the challenging attributes in OKH-Color50 dataset, and (b) the confusion matrix of the object 

categories. 

0 10 20 30 40 50

Distance threshold

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

P
re

ci
si

on

Precision plots

OKH [0.8394]
MEEM [0.7775]
MUSTer [0.7735]
TGPR [0.7379]
Struck [0.6942]
HSKCF [0.6785]
ASLA [0.5800]
MIL [0.4711]
DFT [0.5103]
OAB [0.5081]
CT [0.5070]
MIL [0.4711]
VTD [0.5717]

0 0.2 0.4 0.6 0.8 1

Overlap threshold

0

0.2

0.4

0.6

0.8

1

S
uc

ce
ss

 r
at

e

Success plots

OKH [0.5858]
MUSTer [0.5717]
MEEM [0.5445]
Struck [0.5065]
TGPR [0.4928]
HSKCF [0.4626]
ASLA [0.4395]
Frag [0.3515]
DFT [0.3761]
OAB [0.3759]
CT [0.3575]
Frag [0.3515]
VTD [0.4320]

Fig. 6. Overall performance evaluation on OKH-Color50 dataset. 

Table 1 

The precision rate comparison corresponding to different challenging attributes for the competing trackers. For a clearer demonstration, the best tracker is masked 

by Red color, the second and the third are respectively tagged by Green and Blue color. 
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.2.2. Non-rigid deformation and in-plane-rotation/out-plane-rotation 

For non-rigid deformation challenge, the sequences usually

ave a non-rigid object which is likely to demonstrate deformation,

uch as the sportsman. The main difficulty in this situation is how

o suppress the influence from the deformable part of the object as

uch as possible. For this challenge, Fig. 8 shows that our tracker
s competitive to the top trackers, such as MEEM and MUSTer. One

ain reason is because of the robust template sampling with the

patio-temporal saliency guidance. Another important element is

he hashing method that can preserve the main structure of the

emplate which utilizes a patch-based encoding procedure. 
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Table 2 

The success rate comparison corresponding to different challenging attributes for the competing trackers. For a clearer demonstration, the best tracker is masked by 

Red color, the second and the third are respectively tagged by Green and Blue color. 

Fig. 7. Qualitative performance evaluation on cluttered background situation. The typical sequences in this figure are “Bicycle ”, “Busstation ”, “David3 ”, and “Suitcase ”, respec- 

tively. 
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As for the In-plane-rotation/Out-plane-rotation challenges, the

targets are difficult to track because of the significant rotations

(e.g., hand slanting or shaking) which usually make the object ap-

pearance change. For tackling this kind of challenges, OKH, MEEM

( Zhang et al., 2014a ) and MUSTer ( Hong et al., 2015 ) show com-

petitive tracking performance, and are better than the others. For

example, OKH, MEEM and MUSTer can track the target robustly,

proved by the 313 rd frame of “Bolt ” and the 298 th frame of “Hur-

dle2 ”. One main reason is OKH and MEEM are all based color

template encoding. In addition, OKH, MEEM and MUSTer all have

the re-targeting ability when the appearance of object varying. To

make a further observation from Table 1 and Table 2 , OKH is better

than MEEM. That is because the spatio-temporal saliency model to

some degree can get rid of a large part of the background. Hence,

when the diverse rotations occur, this tracker can resist the influ-

ence of the appearance change caused by rotation. 

6.2.3. Occlusion 

Occlusion is one of the most important challenges to be ad-

dressed in tracking. In general, the object in this situation is par-
ially or fully occluded by other scenes which always disturb the

onsistency of the target appearance. Fig. 9 demonstrates the qual-

tative comparison of the competing trackers. In this work, a mem-

ry buffer for storing the positive templates is constructed, which

an restrain the appearance degradation in online hashing, and the

istorical and the newest target information can be effectively pre-

erved. Besides, owing to the long-term memory mechanism by

oint corresponding in MUSTer, our tracker and MUSTer show bet-

er ability for tackling occlusion. Specially, the tracking results in

Motorbike ” sequence verify the superiority of OKH and MUSTer

anifestly, taking the 537 th frame for an example. However, OKH

s the best in the competitors, shown by Table 1 and Table 2 . Addi-

ionally, the patch-based color template encoding makes the pro-

osed tracker in this work have strong robustness for occlusion

andling. 

.2.4. Illumination variation 

Because the imaging scenarios alter dynamically, the illumina-

ion condition of objects changes frequently because of the shadow

isturbance or the strong light twinkling. The difficulty of the se-
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Fig. 8. Qualitative performance evaluation on deformation or in-plane-rotation/out-plane-rotation challenges. The typical sequences are “Hurdle1 ”, “Bolt ”, “Hurdle2 ”, and 

“Badminton ”, respectively. 

Fig. 9. Qualitative performance evaluation on occlusion situations. This figure shows tracking results of “Airport ”, “Motorbike ”, “Woman ”, and “Jogging1 ” sequences, respec- 

tively. 
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uences in this situation is how to boost the robustness of the ob-

ect appearance. From Table 1 , we can see that TGPR ( Gao et al.,

014 ) performs the best in target locating, and MUSTer ( Hong

t al., 2015 ) matches the target region the best, shown by Table 2 .

KH generates a comparative performance with the top ones in

verall performance. However, all the trackers cannot tackle the

Matrix ” successfully. The 78 th frame and 84 th frame in Fig. 10
f “Matrix ” bore out this observation. That is because the current

rackers are based on some spatial or temporal assumption, such as

otion smoothness or appearance consistency. The human face in

Matrix ” not only undergoes varying illumination, but also has dra- 

atic movement, which makes the assumptions be not valid at all,

ven if for the spatio-temporal saliency in this work. This makes

s ponder in future. 
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Fig. 10. Qualitative performance evaluation on illumination variation challenge. This figure demonstrates tracking results of “Trellis ”, “Michaeljackson ”, “Shaking ”, and “Matrix ”

sequences, respectively. 
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6.2.5. Fast motion/motion blur 

The sequences in this situation are difficult because the distinc-

tive texture or structure information of target is difficult to cap-

ture owing to the fast movement or motion blur. From Table 1 and

Table 2 , we can see that OKH, MEEM ( Zhang et al., 2014a ) and

TGPR ( Gao et al., 2014 ) outperform other trackers in localization,

and OKH, MEEM ( Zhang et al., 2014a ) and MUSTer ( Hong et al.,

2015 ) match the target region better. However, MEEM and MUSTer

drift away in the 110 th frame in “Plane ” sequence, and TGPR and

MUSTer cannot track the “fish ” from the 225 th frame on in “Fish ”

sequence, seeing Fig. 11 for a demonstration. Hence, OKH performs

the best. This benefits from the spatio-temporal saliency model in

this work. If the target moves with a large displacement in ad-

jacent frames, the spatio-temporal saliency model can guide the

motion model to approximate the true target center in newly ob-

served frame as close as possible. 

From the above thorough analysis with extensive experiments,

we can conclude that our tracker has better effectiveness and ro-

bustness when facing variously difficult challenges. 

6.3. Discussions 

6.3.1. Component investigation 

As described before, this work contributes an online hashing

tracker with a spatio-temporal saliency auxiliary, where a spatio-

temporal saliency model (abbreviated as S), online pair-wise hash-

ing and positive template memory buffer (abbreviated as T) are the

central components. For a clearer evaluation, we take the tracker

only with online pair-wise hashing component as a baseline and

named as OKH �TS. Then, we add other components, the spatio-

temporal saliency model (S) and the positive template memory

buffer (T) to OKH �TS, and construct OKH �T and OKH �S, respec-

tively. Specially, we denote the tracking method with all the three

components as OKH. Fig. 12 demonstrates the precision rate and

success rate curves on OKH-Color50 dataset. We can see that com-

bining all the component generates the best performance, followed

by OKH �S, OKH �T, and OKH �TS. It can be observed that the tem-
late buffer can improve the precision of target localization man-

festly. Spatio-temporal saliency model is the most efficient com-

onent in tackling challenging attributes. Online pair-wise hashing

an capture the main structure information. In summary, tracking

ith all the three components together is the best. 

.3.2. Analysis w.r.t. object categories 

In this section, we present how the tracker performs for dif-

erent object categories on OKH-Color50 dataset. Fig. 13 demon-

trates the average precision rate and average success rate for dif-

erent trackers w.r.t. distinct object categories. We can observe that

EEM ( Zhang et al., 2014a ) , MUSTer ( Hong et al., 2015 ) and our

KH perform well in most of the categories. This is in consistent

ith the performance on different challenging attributes. Through

bservation in Fig. 13 , sportsman and animal are the most challeng-

ng among 7 main object types. The main reason is that appear-

nce deformation and shape variation occur frequently in sports-

an category, and the motion of the animal is uncontrollable. 

.3.3. Difference with the deep learning models 

We have recognized that deep learning models perform power-

ul in many computer vision tasks, including more recent works on

racking. In this subsection, we make a description to expound the

ifference between our work and the more recent deep learning

odels in tracking. The main goal of deep learning models is to

btain strong feature by large-scale data training or to find the in-

rinsic structure of data by designing complex neural networks. For

isual tracking, the goal is similar to a large extent ( Nam and Han,

016; Tao et al., 2016 ). Specially, RNN is recently used to model the

omplex structure of object and its contextual background in track-

ng task ( Cui et al., 2016 ). Our framework is different from deep

earning models from three points: 1) We want to find an efficient

nd effective projective mechanism to map the high-dimensional

eature into a lower dimensional one with a preservation of fea-

ure structure, not a new kind of feature; 2) Most of the deep

earning models rely on the external large-scale dataset for fea-

ure training. Our framework aims to use pair-wise relationship
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Fig. 11. Performance evaluation on fast motion situations. The sequences in this figure are “Surf1 ”, “Skyjumping ”, “Plane ”, “Fish ”, respectively. 
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f positive and negative templates with an online hashing man-

er, where only the first frame of video is labeled for training, by

hich the templates between frames can be efficiently matched;

) This work integrates the saliency insight and template mem-

ry buffer to explicitly tackle the spatio-temporal influence caused

y dynamic scenes. There is little parameter in this work, which

s different from the large parameter space in the common deep

odels. 

.3.4. Failure situation demonstration 

In this section, we give a discussion on some tracking failures.

s shown in Fig. 14 , there are some challenging sequences, in

hich all the existing trackers failed. Among them, the sequences

n the left column demonstrate a long-term fully occlusion, the suv

cales up rapidly in “CarScale” sequence, and the left-bottom se-
uence arises a fast motion accompanied by a fast scale shrinkage.

espite the fact that many effort s are devoted to tackle the scale

ariation and occlusion, we still need a further pondering. Mak-

ng a general observation, the trackers in the literature tackle the

cclusion with a predefined motion model, such as Gaussian, to

estrain the template sampling. The failures for the long-term full

cclusion is caused by the fact that trackers cannot re-detect or re-

ocalize the target when it reappears at a location which is not in

 predefined range. Therefore, for a further research for tracking,

ore appropriate sampling methods are needed. Besides, for the

apid scale variation, this work suggests objectness ( Cheng et al.,

014 ) may be a promising alternative, which can provide many ob-

ect candidates in each frame, and the best candidate might be se-

ected by favorable optimization. 
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Fig. 13. Tracking performance w.r.t. object category. 

Fig. 14. Typical failures on tracking. “CarScale ” shows rapid scale variation; “Suitcase ” demonstrates long-term fully occlusion; “Matrix ” has extremely fast motion. 
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7. Conclusions 

This work proposes a novel online hashing tracking method

with a spatio-temporal saliency auxiliary. Through online hash-

ing each pair of templates received sequentially, and the relation-

ship of positive and negative samples can be persevered more

effectively. Consequently, the tracking problem is formulated as

an efficient binary code matching. The spatio-temporal saliency

model makes the sampled candidates approximate the true tar-

get as much as possible. Additionally, the memory buffer, collect-

ing the truly positive templates, can address the potential degra-

dation of appearance model owing to the error accommodation

in online hashing, and give a better localization. Extensive exper-

iments proved that the proposed tracker can deal with different

challenges better than the other state-of-the-arts. In this work,

only the Lab color space is utilized for template encoding. Hence,

future works concentrate on enriching the image representation by

utilizing more features as well as powerful template sampling. In

addition, because of the powerful ability of features obtained by

deep learning models. This also may be investigated in our future

work. 
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