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Abstract Visual object tracking (VOT) is an important sub-

field of computer vision. It has widespread application do-

mains, and has been considered as an important part of

surveillance and security system. VOA facilitates finding the

position of target in image coordinates of video frames. While

doing this, VOA also faces many challenges such as noise,

clutter, occlusion, rapid change in object appearances, highly

maneuvered (complex) object motion, illumination changes.

In recent years, VOT has made significant progress due to

availability of low-cost high-quality video cameras as well as

fast computational resources, and many modern techniques

have been proposed to handle the challenges faced by VOT.

This article introduces the readers to 1) VOT and its applica-

tions in other domains, 2) different issues which arise in it,

3) various classical as well as contemporary approaches for

object tracking, 4) evaluation methodologies for VOT, and

5) online resources, i.e., annotated datasets and source code

available for various tracking techniques.

Keywords visual object tracking, computer vision, image

processing, point tracking, kernel tracking, silhouette track-

ing
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1 Introduction

Visual object tracking (VOT) is a well known sub-field of

computer vision and hence image processing. Its main ob-

jective is to find the locus of points that the target of interest

follows in image coordinates by assigning labels in temporar-

ily spaced video frames. This informationmay be of pertinent

importance for further analysis such as to calculate the cen-

tre of mass, area, perimeter and motion vector of the target.

Thus, target tracking may play a vital role in high level image

analysis tasks, such as object recognition [1,2], activity anal-

ysis [3,4], and intelligent scene understanding [5]. Usability

spectrum of VOT is very wide, and it has found its appli-

cations in real world systems. A few of its applications are

shown in Fig. 1, which includes:

• Human machine interaction (HMI): VOT may play

an important role in this emerging field to make better

community life by making easy-to-use interaction with

machines, e.g., sixth-sense (a wearable gesture inter-

face) [6], perceptual user interfaces [7], eye gaze track-

ing for disabled people [8].

• Visual surveillance and security systems: These sys-

tems are now ubiquitous, and VOT is a vital part of

intelligent visual surveillance, e.g., third generation

surveillance systems (3GSS) [9], Siemens Sistore CX
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Fig. 1 Usage of VOT in different applications

EDS [10], surveillance of places and buildings related

to public and defense interests for intruder detection

[11], monitoring human activities [12–17].

• Traffic monitoring: VOT may be used for motoring

and managing traffic on roads, e.g., monitoring of traffic

flow [18], detection of traffic accidents [19], counting of

pedestrian [20].

• Industrial robotics: VOT may be used in control sys-

tem of industrial and humanoid robotics, e.g., using vi-

sion sensor with tracking algorithm in feed-back loop

[21], ASIMO humanoid robot [22], visual control for

unmanned aerial vehicle (UAV) [23].

• Vehicle tracking: VOT may be used for automobile

tracking, e.g., tracking a vehicle by UAV [24], tracking

vehicles on the road to assist driver [25,26], and autopi-

lot of a UGV [27].

• Video games: VOT may be used for video games to

provide better user control, e.g., tracking user move-

ments [28], face tracking for playing game [29].

• Medical diagnosis systems: VOT has pushed its im-

portance in medical field for diagnosis of different dis-

eases, e.g., tracking of ventricular wall [30], reconstruc-

tion of vocal tract shape [31,32].

• Activity recognition: VOT may be used for activ-

ity recognition for indoor and out-door monitoring,

e.g., learning activity patterns [33] and human activity

recognition [34].

1.1 Issues in VOT

Great efforts have been made by researchers in the field of

VOT for the last four decades [35,36]; however, it is still

an open avenue for computer vision research community due

to various issues as shown in Fig. 2. The issues are also de-

scribed as follows:

Fig. 2 Different issues that may arise during tracking. (a) Occlusion; (b)
Changing appearance; (c) Cluttered background; (d) Changing size in im-
age; (e) Illumination variations; (f) Noise in image; (g) Similar objects; (h)
Complex object motion

• Occlusion: It is the state when target is hidden by an-

other object. Target may be partially or fully occluded.

Occlusion detection and occlusion handling is a com-

mon issue occurring during tracking, but there is no

universal technique to tackle it. Therefore, strategies are

opted according to the nature of target and environment

of tracking.

• Changing appearance: Most of the targets, especially

non-rigid objects, change their appearance during mo-

tion. Therefore, it becomes mandatory for target model

to adapt these changes for a long term tracking session.

Small inaccuracies may include in target model during

updating, which accumulates as time passes and ulti-

mately result in unstable tracking. If the model is made

fixed and is not updated, it cannot incorporate changing

target appearance and lose the target. Thus, a trade-off is

required and it is called stability vs. plasticity dilemma.

• Cluttered background: When the background of the

target in scene contains many other objects, it is called

cluttered environment for the target. If the background

of the target is already known (e.g., indoor tracking),
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it is easy to handle cluttered environment; but for un-

known background or outdoor tracking, the severity of

the problem is increased.

• Changing target size in image: When the target moves

towards or away from camera, its size in image in-

creases or decreases respectively. Therefore, it should

be handled by the tracking strategies.

• Illumination variations: Illumination variations also

important issues, because many features of the target

which are prominent in high luminance become obscure

in low luminance.

• Noise in image: Image of the target scene may be noisy

(e.g., electronic circuit noise), so some preprocessing is

required to remove the noise from the image.

• Similar objects: When there are similar objects near

the target, it becomes difficult to track the target.

• Complex object motion: When target motion is com-

plex such as out-of-plane movement, or it abruptly

changes its speed and direction, e.g., motion of a fighter

plane or motion of people during skating, tracking be-

comes a difficult task due to inexact approximation of

motion model.

1.2 Our contribution to the existing surveys

Several surveillance and tracking related surveys can be

found in literature as shown in Table 1. Most of these surveys

are old (i.e., of last decade), e.g., surveys in Refs. [37,40,42–

49]. Some cover only a specific field or technique for track-

ing (e.g., pedestrian tracking [41], Bayesian method [49],

tracking under sea water [43], wavelet for tracking [50]), a

few discuss tracking within different principle category (e.g.,

crowd analysis [48], human motion analysis [44], intelligent

visual surveillance [46], appearance model [51]), and the re-

cent surveys discuss only modern trends in VOT (e.g., [39]),

or recent algorithms using classical techniques, (e.g., [3,50]).

Our survey presents 1) classical as well as contemporary ap-

proaches for VOT (shown in Fig. 3), 2) qualitative and quanti-

tative comparison of different tracking algorithms, and 3) on-

line available resources of different algorithms such as source

code, annotated data set.

1.3 Paper organization

The rest of the paper is organized as follows. Section 2 de-

scribes the classical VOT approaches. Section 3 explains

the recent techniques of object tracking. Section 4 discusses

different methods for evaluation of tracking algorithms and

benchmark resources available online. Finally, Section 5 con-

cludes the paper and provides future directions for VOT.

Table 1 Several related surveys

Related Surveys Year Topic

Chau et al. [3] 2013

Yilmaz et al. [37] 2006

Joshi et al. [38] 2012 Tracking any object

Yang et al. [39] 2011

Cannons [40] 2008

Geronimo et al. [41] 2010

Ogale [42] 2006
Pedestrian tracking

Trucco et al. [43] 2006

Moeslund et al. [44] 2006

Aggarwal et al. [45] 1997

Kang et al. [46] 2007 Surveillance and motion analysis

Forsyth et al. [47] 2006

Kim et al. [9] 2010

Zhan et al. [48] 2008

Arulampalam et al. [49] 2002 Bayesian tracking

Jalal et al. [50] 2012 Wavelet for object tracking

Li et al. [51] 2013 Appearance Models

Fig. 3 Different classical as well as contemporary approaches for visual
object tracking

2 Classical tracking approaches

In this article, we will describe the following widely known

classical approaches for visual object tracking: 1) mean-shift,

2) filtering framework, 3) correlation based template match-

ing, and 4) motion detection based tracking algorithms. Main

aim of this section is to highlight different tracking algorithms

using aforementioned approaches.

2.1 Mean shift for VOT

Mean shift is non-parametric statistically iterative method. It

is originally developed by Fukunaga and Hostetler [52]. It is

used to find the mode of a distribution provided its discrete

points are given, hence useful in data clustering. Cheng un-

leashes it to image processing community [53]. It is a very
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simple and straightforward algorithm. It randomly picks large

number of image pixels as representatives of cluster cen-

ters. A hypothesized multidimensional ellipsoid is centered

on cluster center, and cluster center is moved to the mean

of the data lying inside ellipsoid. Similar process is repeated

for all the clusters. Mean is iteratively calculated, and clus-

ter centers are moved accordingly until there is no change in

mean value. Adjacent and similar regions (similarity depends

upon application type and user defined criteria) are merged

during iterations and number of final clusters may be much

less than the initial number of clusters. Eq. (1) describes the

calculation of mean shift vector as given by [54]:

m(x) =

n∑
i=1

Xig(
‖X − Xi‖2

h
)

n∑
i=1

g(
‖X − Xi‖2

h
)

− X, (1)

where g(.) is kernel function, x is the centre point and xi are

the data points. Mean shift based schemes suffer from a few

drawbacks. They require manual adjustment of system pa-

rameters such as the smallest and the largest possible win-

dow size, spatial kernel bandwidths. Starting with its appli-

cation in image segmentation [53,55], mean shift gains pop-

ularity in the field of VOT following the research work of

Comaniciu et al. [56]. Their paper is awarded as best paper

in CVPR 2000 and the technique is filed for patent. In the pa-

per, mean shift is used for real-time tracking of non-rigid ob-

jects when viewed using a moving camera. Probability den-

sity (histogram) is used to model the target and color is used

as feature for tracking. Mean shift algorithm finds the most

probable position of target in each upcoming frame. Compar-

ison of probable target candidates with original target model

is done using metric based on Bhattacharya coefficient. This

work is extended as kernel-based object tracking in Ref. [57].

The proposed scheme is proved to be computationally fast,

and robust against clutter, occlusions, camera orientation, and

scale changes, in several scenarios, but it is not successful

against illumination changes and unpredicted object motion.

Moreover, spatial information of target is lost due to use of

color histogram as target representative, and Bhattacharya co-

efficient is also not considered strong discriminative measure

[58]. Yang et al. [59] introduce a new similarity measure us-

ing RBF kernel that is expectation of the spatially smoothed

density estimates over the model image, which improves the

robustness and frame rate of tracking. Beleznai et al. [60–

64] exploit mode seeking capability of mean shift and ap-

ply on difference image for detecting and tracking humans

in a video. They use fast version of mean shift for change

detection in video. Model based validation scheme is used

to approve detected change as humans. Fast mean shift finds

clusters in the difference image and updated cluster parame-

ters (e.g., cluster centers) are used for tracking purposes. The

idea of mean shift for VOT is extended by Zivkovic et al.

[65], and it is used to find out not only the local mode of

density function but also for estimation of local mode shape.

The algorithm shows robustness for scale changes and adap-

tion of shape, but it is fragile in the case of clutter in back-

ground, presence of multiple targets, rapidly changing ap-

pearance of target and its motion. Zhou et al. [66] introduce

new cost function for tracking of non-rigid objects and im-

prove the performance of mean shift proposed by Zivkovic et

al. [65] in complex scenes. Their algorithm optimally adapts

ellipse for marking the TOI. The new cost function contains

Lagrange base regularization factor which decreases the dif-

ference between estimated probability distribution and the

expected one. The algorithm shows better results, but it re-

quires more prior information and is computationally slower

than that in Ref. [65]. Ning et al. [67] use mean shift approach

with joint color texture feature to track the target in complex

environment. Shan et al. [68] introduce mean shift with parti-

cle filtering for its sampling efficiency. Their work generates

good results for rapid motion with less number of particles

than that of particle filter alone, but it does not perform well

for occlusion and cluttered background. Wang et al. [69] ap-

ply mean shift on infrared imagery to track humans. They

use motion guided gray and edge cues to improve mean shift

results. Their algorithm works only for fixed camera. Follow-

ing issues arise when using histogram as target representative

and mean shift approach for VOT:

• mean shift approach converges locally due to local

basin of attraction;

• spatial information is lost due to use of histogram;

• due to global nature of template model, it cannot handle

occlusion (even if it is partial) with good accuracy.

The first two issues were handled using different variants

of mean shift algorithm such as in Refs. [59,70] and the

third one is tackled using fragment based approach. Adam

et al. [71] highlight the fragment based VOT to handle the

last two of the aforementioned issues with mean shift ap-

proach. In spite of using model based patches (e.g., head,

limb, torso), fragments are selected randomly. These spatially

non-overlapping patches help in preserving the spatial infor-

mation. Multiple histograms are used to represent each sub-

region or patch of template and the template position in up-
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coming image frame is calculated using vote map formed by

each patch individual vote. Integral histogram technique is

used to make the algorithm efficient. Their algorithm shows

robustness to partial occlusion, but lacking the method of se-

lection for different patches. Jeyakar et al. [72] combine frag-

ment based approach with mean shift. User is taken into the

loop by making selection of fragments manually. The patches

may be overlapping or non-overlapping. Bhattacharya coeffi-

cient based metric is used for similarity measure. The algo-

rithm shows impressive results in case of partial occlusion;

it also handles illumination, appearance and scale changes as

well as clutter in the background.Khan et al. [73] use normal-

ized correlation as similarity measure for occluded and clutter

imagery. Template is partitioned into nine non-overlapping

fragments. Table 2 summarizes the comparison of different

algorithms using mean shift approach. It is clear from this

table that Wang et al. [69] handle most of the issues.

2.2 Filtering framework

In this Section, we will discuss different filters used for tar-

get tracking. Seminal Kalman filter, is a statistical parametric

recursive algorithm specially designed for discrete time sys-

tem. This filter is based on motion model of linear dynamic

system; therefore, it requires its state space representation as

shown in Eq. (2) and Eq. (3) [74]:

Xn+1 = ΦXn + Un, (2)

Yn =MXn + Vn, (3)

where Xn symbolizes the state vector,Φ represents state tran-

sition matrix, Un denotes the system noise vector, Vn is the

observation noise vector, Yn is the measurement vector, and

M shows the observation matrix. KF estimates the states of

the dynamic system in the presence of 1) noisy measurement

(Gaussian noise), and 2) uncertainty in the model of dynamic

system. It works in prediction-correction cycle format. KF,

based on observed (measured) states, corrects its predicted

states as well as update its gain matrix for better future pre-

dictions as described by Eqs. (4–9) [75–77].

X∗n|n = X∗n|n−1 +Kn(Yn −MX∗n|n−1), (4)

where X∗n|n represents the posteriori measurement, X∗n|n−1 the

prior measurement, and Kn the Kalman gain matrix defined

as:

Kn = S∗n|n−1M
T [Rn +MS∗n|n−1M

T ]−1, (5)

where Rn is the observation noise covariance calculated by

Eq. (6), S∗n|n−1 represents the predictor error covariance de-

fined by Eq. (7).

Rn = COV(Vn) = E[VnVT
n ], (6)

where E[.] is the expected value.

S∗n|n−1 = COV(X∗n|n−1) = ΦS∗n−1|n−1Φ
T +Qn, (7)

S∗n−1|n−1 = COV(X∗n−1|n−1) = [I −Kn−1M]S∗n−1|n−2, (8)

where Qn is the noise covariance matrix and is calculated by

Eq. (9):

Qn = COV(Un) = E[UnUT
n ]. (9)

Interested reader is referred to [78] for derivation of KF

equations. In VOT, KF is widely used in conjunction with

other algorithms [57,78–89]. During the tracking session, KF

normally acts in two modes: 1) normal tracking mode, in

which KF predicts the next target coordinates in image plane

on the basis of measurement to define the search window with

Table 2 Comparison of different VOT algorithms using mean shift

Issues
Representative work Target representation Similarity measure

S/M O IV SV SC

Comaniciu et al. [56,57] Color histogram Bhattacharya Coefficient S
√ × × √

Yang et al. [59] Joint Spatial-feature space Expectation of density estimates S
√ × √ √

Beleznai et al. [60–64] Difference image No similarity measure M
√ √ √ ×

Zivkovic et al. [65] Color histogram Expectation Maximize like Algorithm S
√ × × √

Zhou et al. [66] Color histogram Expectation Maximize like algorithm with
ellipse outlining the target

S
√ × × √

Ning et al. [67] Joint color-texture histogram Bhattacharya Coefficient S
√ × × √

Shan et al. [68] Motion color Distance function S
√ √ √ ×

Wang et al. [69] Motion and gray edge cues Bhattacharya Coefficient S
√ √ √ ×

Adam et al. [71] Fragment base histogram representation Earth Mover’s Distance S
√ × × √

Jeyakar et al. [72] Fragment base representation Bhattacharya Coefficient S
√ √ × √

Khan et al. [73] Fragment base edge representation Normalized correlation S
√ √ × √

Note: S/M — single target or multiple target, O — occlusion, IV — high illumination variations, SV — sudden and large change in target velocity, SC
— scale change. Symbols

√
and × respectively shows that algorithm does or does not handle the issue.
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Fig. 4 (a) Normal tracking, and (b) critical issue of occlusion and Kalman
Filter successfully handling the issue

optimum [83], and 2) occlusion mode, in which KF ignores

the measured value and uses its predicted value for next state

prediction. Thus, it is used to handle short-term occlusion.

Figure 4(a) [90] shows the normal tracking mode and Fig.

4(b) illustrates the occlusion mode during tracking. It may

be noted that KF successfully handles the issue of occlusion.

Ahmed et. al. [83] combine KF with normalized correlation

to handle short-term occlusion, as well as to find the optimum

position and size of the search window for the next frame.

Jang et al. [91] use KF for target motion prediction in order

to reduce search space for matching the target. Comaniciu

et al. [79] combines KF with mean shift tracker but it can-

not handle the large movement of target. Ali et al. [82] use

correlation and fast mean shift algorithms with KF to handle

complex maneuvered motion of an air borne object. Li et al.

[80] use KF with mean shift and fast motion estimation algo-

rithm to handle the large and sudden movement of target. Li

et al. [81] use Bhattacharya Coefficient for adjusting the KF

estimation parameters adaptively. Their results show robust-

ness against partial or full occlusion, fast target motion, and

sudden changes in the target velocity. Ridder et al. [92] use

KF for discriminative tracking approach. They modeled each

pixel with KF in order to handle the variation in illumination.

In this way, KF is used for adaptive background estimation

and foreground detection. Peterfreund [93] use KF with ac-

tive snakes for robust tracking of position and velocity of non-

rigid as well as rigid objects. He uses image gradient along

the contour, and its optical flow is used as system measure-

ment. KF assumption linear dynamic model of target motion

and Gaussian noise in measurement are not always true in real

world. Therefore, its different variants such as extended KF

(EKF), unscented KF (UKF) are introduced [94]. EKF apply

first order Taylor series to approximate a non-linear system as

the linear one. UKF does not apply such approximation, but

uses unscented transformation, and generates a set of sigma

points which are transferred to dynamic model of state and

observation for final result. UKF results are better than that

of EKF, but it assumes Gaussian distribution for posterior. In

this way, UKF cannot work in case of multi-model distribu-

tions. Therefore, particle filter (PF) [49] is used to cater these

issues. PF is a non-parametricMonte Carlo simulations based

method [95]; it is used in tracking application first by Isard

and Blake [96] with the name of Condensation. PF represents

state of target by a set of weighted particles. The weight to

each particle is assigned according to its contribution in find-

ing the target’s location. The position of each particle is up-

dated according to the motion model and the measurement

data. PF suffers from the problem of sample improvishment

in which samples contribute no useful information in esti-

mating the target position. Interest readers may refer [49,97]

for further detail. Table 3 briefly describes different VOT ap-

proaches exploiting KF. It is clear from the table that the per-

formance of method proposed by Li et al. [81] is better than

other algorithms in case of gray scale imagery. For color im-

ages, Wang et al. [69] performs better.

Table 3 Comparison of different VOT approaches exploiting KF

VOT approaches Issues

exploiting KF
Representative work

OS O LM SV

Mean Shift and KF Comaniciu et al. [79]
√ √ × ×

Jang et al. [91]
√ × × ×

Li et al. [80] × × √ √
Li et al. [81] × √ √ √

Correlation and KF Ali et al. [82] × √ √ √
Ahmed et al. [83]

√ √ × ×
Background / Foreground Ridder et al. [92] × × √ √
Detection and KF

Note: OS — optimum search, O — occlusion, LM — large target
movement, SV — sudden change in velocity. Symbol

√
stands for track-

ing algorithm handles the issue and symbol × means it does not tackle the
issue.

2.3 Correlation based template matching

Template matching or correlation tracking is the classical

method in the field of VOT. Its history dates back to the be-

ginning of computer vision field [35,36,98]. The process of

tracking is started by selecting the target in the first frame

manually or by some automatic target detection system. The

representation of the target is called template which is used
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to locate the target by correlating it with the video frame

in each iteration. The location with the highest correlation

score is considered as the new target position. Different cor-

relation metrics, e.g., standard correlation (SC) [99] (Eq.

(10)), phase correlation (PC) [100] (Eq. (11)), normalized

correlation (NC) [99] (Eq. (12)), normalized cross correla-

tion (NCC) [101,102] (Eq. (13)) are usually used as similar-

ity measure in tracking applications. Details of these metrics

can be found in Ref. [83].

c(m, n) =
K−1∑
i=0

L−1∑
j=0

f (m + i, n + j)t(i, j), (10)

c = real[id f t(
F
|F | .

T ∗

|T | )], (11)

c(m, n) =

K−1∑
i=0

L−1∑
j=0

f (m + i, n + j)t(i, j)

√√√K−1∑
i=0

L−1∑
j=0

f 2(m + i, n + j)

√√√K−1∑
i=0

L−1∑
j=0

t2(i, j)

, (12)

c(m, n)=

K−1∑
i=0

L−1∑
j=0

[ f (m+i, n+ j)−μs][t(i, j)−μt]
√√√K−1∑

i=0

L−1∑
j=0

[ f (m+i, n+ j)−μ f ]2

√√√K−1∑
i=0

L−1∑
j=0

[t(i, j)−μt]2
,

(13)

where f is the image, t is the template, F and T are their

Fourier transforms, T ∗ is conjugate of T , id f t(.) is inverse

discrete Fourier transform operator, real(.) extracts real part

of its operand, μ f and μt shows mean of image and template

respectively.

Table 4 Comparison of different correlation metrics

No. Correlation Type
Discriminatory

power

Robustness

to noise

1 Standard correlation Poor Poor

2 Phase correlation Strong Poor

3 Normalized correlation Strong Strong

4 Normalized cross correlation Strong Strong

SC does not have any bounding value, so, no threshold

value can be set to validate the match score and update the

template. Moreover, it is sensitive to illuminate and produce

peak value at the brightest spot in the image. PC computes

correlation in the Fourier domain. It is insensitive to varia-

tions in image intensity because it ignores the Fourier magni-

tude and calculates the phase component only. PC has strong

discriminatory power and produces sharp peak, but it is not

robust to noise as compared to SC [103]. Moreover, it as-

signs equal weight to all of its components, which looks inap-

propriate as significant components should be assigned more

weights than other components [101]. Due to these discrep-

ancies, PC may yield false positive [83,104,105]. Different

variants of PC are also proposed [106–108], yet they are not

as robust to variation in appearance, illumination, and con-

trast as NC and NCC. These two metrics have their values in

the ranges [0, 1] and [−1, 1] respectively, so, it is easy to set a

threshold for template updating and occlusion handling. Up-

dating the template is mandatory for tracking an object when

changing its appearance. Ali et al. [82] update the template

completely in every next frame, if the peak correlation value

is higher than a threshold. The updating scheme suffers from

fast template drift problem, if newly found template position

is not the exact position. To handle this problem, Ahmed et

al. [83] update the template smoothly using first order IIR

filter. Most of the times, NCC is used as similarity measure

in image registration [99,101,109,110], but NC performs bet-

ter than NCC when edge-enhancement is performed as pre-

processing step of target tracking [83]. Ali et al. [111] use

NC for edge enhanced template with a new updating method

which considers the rate of appearance of target while updat-

ing the template. Their algorithm uses adaptive threshold, as

compared to fixed threshold used by Ahmed et al. [83] and

the algorithm works better than other discussed correlation

methods. Asgrizadeh et al. [78] integrate region mutual infor-

mation (RMI) with edge correlation tracking for more robust

tracking of aerial objects. RMI provides information about

the clutter and clear backgrounds as well as high luminance

changes. Table 4 shows the comparison of above-mentioned

correlation metrics.

2.4 Motion detection for tracking

There are various methods for motion detection including

background subtraction, temporal difference, background

modeling, and optical flow.

2.4.1 Background subtraction

Target or area of interest in a scene is referred to as fore-

ground, and anything else in the image is termed as back-

ground. Background subtraction or foreground detection may

be used for two purposes. Firstly, it may be used to initial-

ize the tracking, and secondly, it is used to detect the tar-

get of interest from frame to frame. The simplest method for

foreground detection is to subtract each frame from a fixed

background in case of stationary background. The pixels cor-
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responding to background will yield a very low value, and

the pixels related to foreground will create high values in the

subtracted image. Thus, a threshold can be set to distinguish

the foreground pixels from the background pixels. Connected

component algorithm is used to group the foreground pixels.

After detecting foreground, we search the target only at the

foreground regions, so as to get rid off exhaustive search,

which improves efficiency of the algorithm. This straight-

forward method of background subtraction normallyworks in

structured environment, and but fails in case of un-structured

or outdoor environment where illumination and background

does not remain stationary.

Since fixed background does not work in case of outdoor,
adaptive background model is adopted. Wren et al. [112]
uses a uni-modelGaussian representation for each pixel using
its mean and variance in YUV color space. Their algorithm
works well in order to handle small illumination changes
but it does not show efficacy in case of sudden illumination
changes (e.g., flashing light, swaying trees or bushes, mov-
ing fountains, and rotating fins of a fan). These issues are
handled by the work of Stauffer et al. [33,113,114]. They
adopt multi-model Gaussian representation for each pixel,

and update the models online to learn the changing back-
ground. Usually, three to five models are used to model each
pixel distribution. If match of a current pixel is found with
any Gaussian distribution, it is considered as background,
otherwise, it is classified as foreground pixel, and back-
ground model is updated according. This multi-model Gaus-
sian approach does not tackle the problems of drastic illumi-
nation change, and moving shadows. KaewTraKulPong et al.
[115] improve the learning rate Guassian mixture model and

introduce shadow detection method. Their algorithm com-
pares the foreground pixel with the background model. If
the difference between chromatic and brightness components
is within certain threshold, it is considered to be a part of
shadow. Similar technique was presented by Horprasert et al.
[116,117]. Haritaoglu et al. [12] develop a real-time surveil-
lance system that trains background model by three features,
i.e., minimum pixel value (m), maximum pixel value (n), and
maximum intensity difference between consecutive frames
(d). A pixel is classified as foreground, if its difference from
m or n is greater than d, otherwise, it is taken as background
pixel. Oliver et al. [119] use principle component analysis and
eigen decomposition to build eigen background. The project

image of the current frame is subtracted from the eigen back-

ground to detect foreground objects.

2.4.2 Temporal differencing

Temporal differencing means subtraction of previous frame

from current frame to detect any change or moving objects

in the scene. Lipton et al. [119] use temporal differencing be-

tween two consecutive frames for foreground detection. They

adopt multiple hypothesis for classification of foreground re-

gions as targets of interest. The classification metric employs

perimeter and area to identify the targets in the difference im-

age. In order to improve the detection of foreground regions,

three inter-frames temporal difference schemes are also be

used [120,121]. Temporal difference methods are sensitive

to the threshold as well as illumination changes. Moreover,

when the target stops moving, it cannot be detected as fore-

ground object.

2.4.3 Optical flow

Optical flow is the apparent motion pattern in an image of

a scene due to relative motion between objects of the scene

and the camera. The calculation of optical flow assumes

brightness consistency between corresponding pixels in the

scene. There are various methods for calculating dense opti-

cal flow in an image such as Lucas and Kanade [35], Horn

and Schunck [122], Black and Anandan [123], and Szeliski

and Couglan [124]. Optical flow is used as a feature in seg-

mentation, tracking applications based on motion of objects.

Shi and Tomasi [125] exploit optical flow to find out the mo-

tion of a region in an image and developed their well known

KLT tracker. The tracker is sensitive to illumination changes

and large frame motion. Rangarajan and Shah [126] use opti-

cal flow to find initial inter-frame correspondence between

the first two frames to their proposed greedy search algo-

rithm. Papageorgiou et al. [127] use optical flow to reduce

search space of their SVM based pedestrian and face detec-

tion algorithm. Cremers et al. [128] use optical flow as a fea-

ture in contour based tracking algorithm. Li et al. [129] use

optical flow for silhouette tracking. Bertalmio et al. [130] and

Mansouri [131] use optical flow for the minimization of con-

tour energy.

3 Contemporary tracking approaches

In this Section, we will investigate the recent approaches for

VOT which includes 1) tracking by detection, 2) sparse rep-

resentation, 3) particle swarm optimization, 4) integration of

context information, and 5) tracking in crowd.

3.1 Tracking-by-detection

Tracking-by-detection includes the class of algorithms which

considers tracking phenomenon as detection process of target
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in consecutive image frames by training a binary classifier to

discriminate the target from its background. The class of

algorithms is termed as tracking-by-detection or tracking-by-

repeated -recognition algorithms [132]. These methods have

gained popularity in recent years due to their efficacy in per-

formance and simplicity of classification task [26,133–138].

Detail discussion on different classifiers is not in scope of

this paper, interested readers referred to Refs. [139,140] for

further study. Normally, a classifier requires training data for

its performance, no prior knowledge is available about target

position in case of tracking application. Therefore, train-

ing data is generated online during tracking, and classifier

is updated accordingly. It is called Adaptive tracking-by-

detection. Collin et al. [134] present an approach for online

selection of features to discriminate the target from its back-

ground. The estimated position of target in each frame is

considered as positive example and its nearby locations are

treated as negative examples for updating the classifier. This

step is called Generation and Labeling of Samples [141]. Dur-

ing tracking, classifier finds the target position by maximiz-

ing the classification score in a local region, normally around

the target position found in the previous frame, using sliding

window method. Figure 5 explains this tracking and updat-

ing process. Avidan [26] introduces support vector tracking

(SVT) which integrates support vector machine (SVM) clas-

sifier with optical flow for vehicle tracking. Grabner et al.

[2,133] present online version of AdaBoost approach for

real-time tracking. The tracking approaches [26,133,134] up-

date their classifiers by considering a single only positive

example consisting of current position of target, and many

negative examples, i.e., samples around the current target

position as shown in Fig. 6. Small inexactness in the target

position results in poorly labeled training samples, which is

called label jittering that abates the performance of classifier

and ultimately causes the drift problem. Therefore, most of

the recent tracking-by-detection approaches try to improve

tracking performance by making the classifier more robust

to incorrectly labeled examples [132,143–147]. Babenko et

al. [132] present online multiple instance learning boosting

(Online MILBoost) algorithm for robust tracking. Instead of

assigning label to each individual example, their algorithm

combines instances into bags and label is assigned to each

bag. A positive bag should contain at least one positive ex-

ample; otherwise, negative label is assigned to it as shown

in Fig. 7. Their algorithm shows prominent results against

drift issue, but it fails to recapture the target if it gets out

of scene and returns. This is the problem with all adaptive

appearance model based algorithms that they start updating

themselves with the false object, if the target is fully occluded

or it gets out of scene for a while. Grabner et al. [143] solve

this issue by using semi-supervised appearance model updat-

ing method. Their method combines the labeled data (prior

knowledge), i.e., the target selected by the user in the first

frame, with current unlabeled data. In this way, the method

becomes robust to drift issue, but it shows less adaptability to

appearance changes. Zeisl et al. [144] combine the strength of

semi-supervised and multiple instance learning into a single

framework. Zhang et al. [148] improve the work of Babenko

et al. [132] by assigning different weights to different in-

stances. The closer the instance to the target, the higher the

weight assigned to it. William et al. [149] point out that

the highest classification score does not necessarily belong

to the target position, as there is no explicit relationship be-

tween classification confidence and the target spatial position.

Fig. 5 (Source [142]): adaptive tracking-by-detection process, i.e., track-
ing the target and updating the classifier

Fig. 6 Positive and negative sam-
ples for online AdaBoost [134]

Fig. 7 Positive and negative bags
for MIL classifier [133]
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Hare et al. [142] present a framework based on structured out-

put prediction which explicitly incorporates the tracker need

of labeled training examples into the output space. Instead of

learning classifier, the frame work focuses on estimating the

target transformations by using structured output SVM. Thus,

it gets rid of intermediating step of Generation and Labeling

the Samples. Table 5 summarizes the representative work of

tracking-by-detection technique, and Table 6 gives quantita-

tive measures (Pascal score) of different tracking algorithms

on publicly available video sequences. It is clear from this ta-

ble that the tracking method proposed by Zhang et al. [148]

works better than the rest of the algorithms. The last row of

the table shows the frame process per second of each method

in MATLAB at system with CPU 2.1 GHz and 2 GB RAM.

Table 5 Representative work of tracking-by-detection technique

No. Representative work Discriminatory technique

1 Collins et al. [134] Selection of features by ranking

2 Hare et al. [141] Structured SVM learning

3 Avidan [26] SVM learning

4 Grabner et al. [133] Boosting by selection of features using
feature-ranking

5 Babenko et al. [132] Boosting by multiple instance learning

6 Grabner et al. [143] Semi supervised boosting

7 Zhang et al. [148] Boosting by weighted multiple instance
learning

8 Zeisl et al. [144] Semi-supervised multiple instance learn-
ing

Table 6 Performance comparison of different algorithms

Videos Zeisl et al. [144] Babenko et al. [132] Zhang et al. [148] Grabner et al. [143] Adam et al. [71] Hare et al. [142]

Sylvester 0.63 0.61 0.73 0.67 0.44 0.68

David 0.71 0.54 1 0.45 0.08 0.80

Faceocc 0.68 0.71 0.97 0.96 1 0.86

Faceocc2 0.78 0.65 0.97 0.44 0.52 0.86

Tiger1 0.60 0.51 0.66 0.29 0.19 0.70

Tiger2 0.46 0.50 0.61 0.19 0.13 0.56

FPS 1.5 1.5 27 6 3 12

3.2 Particle swarm optimization

Particle swarm optimization (PSO), inspired by the birds

searching for food, was first introduced by Kennedy et al.

in 1995 [150,151]. Since then, its use in different applica-

tions is increasing day by day, and it has drawn attention of

researchers in different fields [152–154]. PSO is a stochas-

tic process exploiting the phenomenon of swarm intelligence

and works on collective wisdom which prevails by each of its

particles. Each particle in PSO updates its position by consid-

ering its own best position as well as its neighborhood best

position until all the particles finds a common converging po-

sition or the maximum number of iterations are completed .

Neighborhood may be the entire swarm around the current

particle. An objective function is required to calculate the fit-

ness map of each particle. The position of a particle with the

highest value on fitness map is considered as its best position,

and the best of these best positions is the global or swarm best

position. PSO has very simple formulation consisting of ve-

locity and position update equations described by Eq. (14)

and Eq. (15).

vi
d(n+1) = wvi

d(n)+c1r1(pi
d− xi

d(n))+c2r2(gd− xi
d(n)), (14)

xi
d(n + 1) = xi

d(n) + vi
d(n), (15)

where vi
d(n) and xi

d(n) represent the velocity and position of

ith particle in d-dimension at iteration n, repectively; pi
d is

the particle personal best position; gd is the global best po-

sition of the swarm; w is the inertia weight; c1, c2 are con-

stants; r1 and r2 are random values have values in the range

of [0, 1]. Different variants of PSO and their applications can

be found in Refs. [152,155,156]. In visual tracking applica-

tions, PSO is used to search for the best candidate position of

the target in the current frame. Zhang et al. [157] introduce

the sequence of temporal information of the target into PSO

and name it as Sequential PSO. They present particle filter

based tracking algorithm with hierarchical importance sam-

pling process guided by the sequential PSO. Thus, their ap-

proach helps to cope with the classic sample impoverishment

problem of particle filter. Zhang et al. [158] propose species

based PSO for tracking of multiple objects. Each species is

used to track the individual object. Thus, different trackers

run under single framework. The inter-object occlusion is

handled by species competition and repulsion. The number of

objects and hence species are initialized by user at the very

beginning of the tracking process. Akbari et al. [159] com-

bine PSO and KF to track multiple objects in cluttered en-

vironment. They use non-overlapping fragments based repre-

sentation for objects. Each fragment is represented by a parti-

cle. The particles of PSO are guided by KF in a hybrid frame-

work using region as well as object information.Kwolek et al.
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[160] propose a multi-object tracking algorithm which uses

PSO to improve the targets, positions found by discrimina-

tive appearance models. The objective function is based on

fragments based representation of targets and their covari-

ance matrix. Anton-Canalis et al. [161] use PSO for tracking

target in predator-prey style. Each particle directly interacts

with a pixel, and tracking is performed by interaction of par-

ticle with its environment. Zheng et al. [162] represent the

target into multi-dimensional feature space and employ PSO

algorithm to expedite the search process. Bhattacharya coef-

ficient is used as fitness function for PSO in their algorithm to

track for faces and vehicles. Tawab et al. [163] propose PSO-

based fast gray level object-tracking. They employ combina-

tion of SIMilarity (SIM) and Bhattacharya coefficients as fit-

ness functions to evaluate the score of particles of PSO. Borra

et al. [164] propose PSO-Fuzzy C Means (PSO-FCM) based

tracking algorithm. PSO-FCM is used to segment the objects

in the scene, and a pattern matching approach is used to track

the target. Table 7 summarizes the representative work of

PSO in VOT.

Table 7 Representative work of using variants of PSO in VOT

No. Representative work PSO variants

1 Zhang et al. [156] Sequential PSO

2 Zhang et al. [157] Species PSO

3 Akbari et al. [158] Standard PSO

4 Kwolek et al. [159] Standard PSO

5 Anton-Canalis et al. [160] Predator-Prey PSO

6 Zheng et al. [161] Standard PSO

7 Tawab et al. [162] Standard PSO

8 Borra et al. [163] PSO-FCM

3.3 Sparse representation

Compressive or sparse representation [164, 165] of a signal

exhibits the signal as linear combination of small number

of basis vectors. The representation is becoming popular in

various pattern recognitions and image processing applica-

tions [166–169]. Mei et al. [170–172] use sparse represen-

tation for object tracking. The algorithm is capable to cope

with occlusion problem using trivial templates and λ1 mini-

mization approach for sparse representation. The algorithm

is expensive with respect to computations due to λ1 mini-

mization algorithm. Moreover, the trivial templates are used

to model targets as well as background which make recon-

struction error small for both of the regions. The candidate

region with minimum reconstruction errors is considered the

target. Thus, a confusion is generated while tracking. Liu et

al. [173] improve tracking efficiency and robustness by ex-

ploiting sparseness and using a set of discriminative features.

The algorithm uses fixed number of features, so it is not ef-

fective in complex or dynamic environment. Liu et al. [174]

use mean shift and histograms based local sparse represen-

tation for appearance model. However, histogram represen-

tation is unable to distinguish between the targets and the

background due to its inherent problem of lost spatial in-

formation. Zhong et al. [175] make the object tracking ro-

bust to occlusion by collaboration of discriminative sparsity-

based discriminative classifier (SDC) and sparsity-based gen-

erative model (SGM) as well as generative tracking capa-

bilities. SDC assigns higher confidence to foreground ob-

jects than background objects. SGM proposes a new method

to calculate histograms which accounts for spatial position

of each patch as well. Jia et al. [176] propose a structured

sparse representation for appearance model for target track-

ing. The algorithm proposes an alignment-pooling method

for partial as well as spatial information in order to tackle

the occlusion problem. Moreover, the algorithm proposes a

novel template updating method based on incremental sub-

space and sparse representations. Present tracking algorithms

update appearance model using current image frame. There-

fore, these methods are data-dependent. Zhang et al. [177] ex-

ploit multi-space features for appearance modeling based on

data-independent basis. The algorithm uses random projec-

tions to protect the feature space of objects in image. Sparse

representation is employed to extract the features. Detail re-

view and experimental comparison of sparse coding based

visual tracking may be studied from the paper of Zhang et

al. [178].

3.4 Integration of context information

Integration of context with the target of interest for robust

object tracking has gained significant importance in recent

years. Various psychophysics studies have emphasized the

role of context in image understanding for human percep-

tion system [179]. Interested readers may study [180] for the

role of context in object detection. Yang et al. [181] propose

a number of nearby objects to the target as spatial context

to enhance the appearance model. These objects are auto-

matically extracted from the video during run-time and are

named as auxiliary objects. Auxiliary objects are chosen at

least for short time interval according to following criterion:

1) straightforward to track, 2) persistent co-occurrence with

the target, and 3) consistent motion correlation with the tar-

get. Li et al. [182] model contextual relationship by dynamic

Markov random field to simultaneously recognize, localize,

and track multiple objects of different categories in meeting
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room videos. Spatio-temporal relationship is used to get in-

formation of object category and its state. Nguyen et al. [183]

use spatio-temporal context for multi-target tracking. Spatio

context includes nearby objects and temporal context con-

tains all previous target models based on probabilistic princi-

ple components analysis (PPCA). Wen et al. [184] also pro-

pose spatio-temporal context relationship for robust object

tracking. Grabner et al. [185] use Hough transform to inte-

grate temporal context (supporter) and distinguish between

strong and weak coupled motions. Their algorithm works

well in case of full occlusion, and when target changing its

appearance heavily and rapidly. Table 8 summarizes the rep-

resentative work of exploiting context information for VOT.

Table 8 Representative work of exploiting context information for VOT

No. Representative work Contextual information

1 Yang et al. [181] Spatial position

2 Li et al. [182] Spatio-temporal relationship

3 Nguyen et al. [183] Spatio-temporal relationship

4 Wen et al. [184] Spatio-temporal relationship

5 Grabner et al. [185] Temporal context

3.5 Tracking in crowd

Tracking has gained importance in the last few years for vi-

sual analysis of crowd [186, 187] due to ubiquitously avail-

able security cameras, dire need of activity monitoring in sen-

sitive public places (e.g., airport, railway station), and crowd

density count (e.g., the number of protestors in D Chowk

Islamabad during sit-in of Imran Khan, Chairman Pakistan

Tehreek-e-Insaf). Interested readers may refer to Ref. [48]

for further study of crowd analysis. Tracking strategies for

un-crowded environment may not work for crowd because of

the increased tracking complexity, e.g., the number of pixels

on target decreases with the crowd density increasing, many

inter objects occlusions, and cluttered background with simi-

lar objects [188]. The algorithm proposed by Zhao et al. [189]

is one of the first methods for tracking in crowded environ-

ments. Their method is object-centric which tracks multiple

pedestrians by modeling human shapes with articulated ellip-

soid, and the background with a Gaussian distribution. Color

histogram was used to model the appearance of pedestrians.

It is impossible to fit ellipsoidal models of the human body in

high density crowd, as complete human body is not visible.

Therefore, the method is not suitable for dense crowd. Other

object-centric tracking techniques in crowd, such as the work

by Betke et al. [190], Li et al. [191], and Wu et al. [192], use

object-detection to create short trajectories which are merged

into the final tracking results based on a global model of all of

the objects within the scene. The performance of the underly-

ing object detection method in such methods is deteriorated

in high-density crowd due to frequent inter objects occlusion.

Brostow et al. [193] present a probabilistic method for track-

ing of individuals in crowds. They detect pedestrian by clus-

tering low-level image features. They assume that pairs of

points which move together are part of the same individual. If

the individual tracking is camouflaged, features would not be

grouped resulting in astray tracking. Ali et al. [188] propose

force model based on scene structure to track objects in high

density structured crowds. The force model considers that

the objects in the scene bear global and local forces which

are function of layout of scene and locomotive of neighbor-

hood objects on individuals being tracked. Their model con-

sists of three floor fields, which are static floor field (SFF),

dynamic floor field (DFF), and boundary floor field (BFF).

SFF specifies exit locations; DFF is about the influence of

neighborhood objects on individual being tracked; BFF de-

scribes the hurdles to the crowd, e.g., wall, no-go area. As

these fields are prior learned for tracking, the method fails

in the situations where crowd flow is dynamic or moves to a

new region. Pellegrini et al. [194] use social force model and

propose linear trajectory avoidance to predict motion patterns

of individuals in crowd. Their method requires strict offline

parameter tuning of each test video. Rodriguez et al. [195]

introduce a tracking method for un-structured crowded envi-

ronment by employing a correlated topical model to represent

multimodal motion at each spatial location. Their method as-

sumes a fixed number of motion directions at each spatial

location as a quantized optical flow vector, but neglects the

temporal relationship between sequentially occurring local

motions. This method also requires prior learning of crowd

behavior similar to that proposed by Ali et al. [188]. Krate et

al. [196] method also assumes prior learning of crowd behav-

ior by considering 3D Guassian and hidden Markov models

(HMM) at each spatio-temporal location. The problem is han-

dled by recent work of Rodriguez et al. [197]. Their algorithm

proposes to learn crowd behavior by a data-driven approach

which considers that distinguishable crowd motion patterns

are finite and small in number. Their method works by learn-

ing the crowd behavior using a large database of 500 crowded

videos, therefore, it does not require the test video of crowded

scene at prior. The patches of test videos are matched with

the database to find the similar motion patterns. Idrees et

al. [198] propose to use visual and contextual information

of a crowded scene for online tracking, i.e., without any

prior learning. Their method uses neighborhoodmotion [199]

structure to preserve multi-object tracking by modeling their
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spatial constraint, and requires manual selection of patches

with fixed structure during tracking process. Zhu et al. [200]

propose to track distinct and stable mid-level patches jointly

with dynamic evolution of group structure. Their method

generates patches with stable internal motion, automatically,

by low-level keypoint tracking which also hierarchically or-

ganizes patches using collective motion. Table IX represents

the Pascal score for Zhu et al. [200], Zhang et al. [199],

and Idrees et al. [198] for video sequences (Traffic, Crowds,

Marathon, Split, Merge and Cross) which can be downloaded

from http://home.ustc.edu.cn/ zhufengx/crowdTracking/. It is

obvious from these results that the algorithm proposed by

Zhu et al. [200] outperforms the rest of the algorithms.

Table 9 Pascal score for different methods in the field of tracking in crowd

Zhu et al. Zhang et al. Idrees et al.

[200] [199] [198]

Traffic 0.99 0.81 0.74

Crowds 0.90 0.64 0.81

Marathon 0.88 0.02 0.70

Split 0.86 0.25 0.70

Merge 0.82 0.57 0.77

Cross 0.89 0.27 0.69

3.6 Fusion of trackers

The long-term persistence tracking is still a challenging task

due to absence of any prior information about the target and

its surroundings. There is not a single tracker which can work

well in all circumstances, therefore, the idea of using multiple

trackers is propagating rapidly. The results of different track-

ers are combined to enhance the overall performance of target

tracking. Ali et al. [111] combine, heuristically, the strength

of correlation, KF, and mean shift trackers and minimize in-

dividual tracker’s weakness. Correlation tracker has inherent

problem of template drift, and it does not work in case of oc-

clusion. KF tracker counters this issue and tracks the target

during occlusion by predicting the next spatial location of the

target. The problem with KF filter is that it is a “measure-

ment follower”, if due to some reason, the correlation tracker

measurement gets wrong, KF prediction may not be reliable.

Mean shift addresses this issue and finds the target location.

The outputs of all three trackers are combined, and decision

of target location is made on majority voting criteria. Gao et

al. [201] propose a symbiotic tracker ensemble framework in

which different trackers are run in parallel as black boxes, i.e.,

only input and output are taken into account without bother-

ing about individual trackers’ detail. Their algorithm focuses

on learning an optimal combination of these tracking results.

The relationship among individual trackers is consideredwith

respect to two aspects: 1) consistency between two succes-

sive frames is calculated for each tracker, and 2) pair wise

correlation among different trackers is calculated in upcom-

ing frame by graph propagation process. Zhong et al. [202]

tackle the template drift problem by considering visual track-

ing in a weakly supervised learning scenario where labels are

provided by multiple imperfect trackers. Target position and

accuracy of each tracker are simultaneously inferred by their

proposed probabilistic framework. Yao et al. [203] use the

association of kernel-based object tracking and particle filter.

Particle filter is used for multi-modal visual tracking problem

with non-Gaussian distribution, but it requires a large number

of particles which make it inefficient especially for real time

application. Kernel-based object tracking is efficient and sim-

ple to implement technique with good tracking results, but it

is unable to handle multi-model problem that arises due to

similar objects, and clutter in background. It is clear from

this discussion that Kernel tracking and PF can complement

each other. Therefore, their algorithm proposes a constrained

gradient-based mean shift optimization which makes it pos-

sible to efficiently refine the particles’ position states.

4 Evaluation methods for VOT algorithms
and benchmark resources

VOT algorithms are evaluated qualitatively as well as quan-

titatively. For qualitative comparison, sample image frames

are shown and visually examined. The visually better re-

sults are considered as those which have tracked rectangle

closer to the target of interest as shown in Fig. 8. Qualita-

tive analysis does not provide fair comparison between dif-

ferent algorithms. Therefore, quantitative solution is calcu-

lated to have better understanding of robustness of the al-

gorithms. For this, two measures are employed. One is the

mean distance from centre location, which provides the error

between center location of tracked rectangle and its ground

truth value. The overall performance of the algorithm is sum-

marized by computing the mean of the center location errors

for all the frames in a video. The problem of this method

is that if a particular method successfully tracks a target in

most of the video frames or loses the target in a few frames

with a large distance, its performance will be poor in com-

parison with a method which mostly does not track the target

but clings to the background nearby the target. Therefore, this

method is not a true representative for performance of a par-

ticular method. One modification to this method is made by

Babenko et al. [131] and Henriques et al. [204]. They calcu-
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late the percentage of frames in which the distance between

the tracked location and the ground truth location is less than

a fixed thresholde (e.g., 20 pixels). The other quantitative

measure is called Pascal score, which can find out the over-

lapping area between tracked target and its ground truth value

as described by Eq. (16):

P =
area(Rt ∩ Rg)

area(Rt ∪ Rg)
, (16)

where Rt and Rg are the tracked target region and its ground

truth region, respectively. ∩ and ∪ show the intersection and

union symbols respectively. Pascal score may have a value

from 0 to 1 in a closed interval. If there is no overlapping

region, its value is 0, and it gains value of 1 in case of full

overlap. The target is considered to be successfully tracked

in a frame, if its Pascal score is greater than 0.5, (i.e., at least

fifty percent overlap). In order to have a fair comparison be-

tween different tracking algorithms, two things are required.

One is test videos with annotations, and the other is imple-

mentations of the algorithms. Wu et al. [205] have organized

a dataset comprising of 50 videos with their ground truth val-

ues and a code library having implementation of 29 tracking

algorithms. They provide performance evaluation and com-

parison of these algorithms over different parameters, e.g.,

scale changes, illumination changes, occlusion handling, and

overall tracking performance. In order to make this survey

self-contained, we are providing a list of a few publically

available VOT resources as shown in Table 10.

Fig. 8 A few tracked frames of Liquor video sequence. The yellow rectan-
gle shows the tracked window. The more closer to the target, the better the
result. (a) Frame 360; (b) Frame 607; (c) Frame 776; (d) Frame 1115; (e)
Frame 1183; (f) Frame 1236; (g) Frame 1319; (h) Frame 1355; (i) Frame
1438; (j) Frame 1462; (k) Frame 1504; (l) Frame 1517

Table 10 List of a few online publically available tracking resources

No. Name Dataset Ground truth Source Code URL

1 Fragtrack [71]
√ √ √

cs.technion.ac.il1)

2 Incremental visual tracker [206]
√ √ √

cs.utoronto.ca2)

3 �1 tracker [170] × × √
ist.temple.edu3)

4 Kernel based tracker [57] × × √
google.com4)

5 Boosting tracker
√ × √

vision.ee.ethz.ch5)

6 MIL tracker [131]
√ √ √

vision.ucsd.edu6)

7 Visual tracking decomposition [207]
√ √ √

cv.snu.ac.kr7)

8 Structural SVM tracker [140] × × √
samhare.net8)

9 PROST tracker [134]
√ √ √

icg.tugraz.at9)

10 KLT tracker [35] × × √
ces.clemson.edu10)

11 Condensation tracker [95]
√ × √

robots.ox.ac.uk11)

12 Caviar sequences
√ √ × inf.ed.ac.uk12)

13 PETS sequences
√ √ × hitech-projects.com13)

14 Compressive tracking [177]
√ √ √

comp.polyu.edu.hk14)

15 Structural local sparse tracker [176]
√ √ √

ice.dlut.edu.cn15)

16 Sparsity-based collaborative tracker [175]
√ √ √

ice.dlut.edu.cn16)

1) http://www.cs.technion.ac.il/∼amita/fragtrack/fragtrack.htm 2) http://www.cs.utoronto.ca/∼dross/ivt/
3) http://www.ist.temple.edu/∼hbling/code_data.htm 4) http://code.google.com/p/detect/
5) http://www.vision.ee.ethz.ch/boostingTrackers/ 6) http://vision.ucsd.edu/∼bbabenko/project_miltrack.shtml
7) http://cv.snu.ac.kr/research/∼vtd/ 8) http://www.samhare.net/research/struck
9) http://gpu4vision.icg.tugraz.at/index.php?content=subsites/prost/prost.php 10) http://www.ces.clemson.edu/∼stb/klt/
11) http://www.robots.ox.ac.uk/∼misard/condensation.html 12) http://homepages.inf.ed.ac.uk/rbf/CAVIARDATA1/
13) http://www.hitech-projects.com/euprojects/cantata/datasets_cantata/dataset.html 14) http://www4.comp.polyu.edu.hk/∼cslzhang/CT/CT.htm
15) http://ice.dlut.edu.cn/lu/Project/cvpr12_jia_project/cvpr12_jia_project.htm 16) http://ice.dlut.edu.cn/lu/Project/cvpr12_scm/cvpr12_scm.htm
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5 Conclusion and future direction

In this survey, we have investigated classical as well as con-

temporary approaches for object tracking algorithms. The

mean shift, Kalman filter, motion detection, and template

matching based algorithms are presented as classical ap-

proaches for visual tracking, whereas tracking-by-detection,

swarm intelligence, sparse representation, integration of con-

text, and tracking in crowded environment are discussed as

contemporary tracking algorithms. Issues involved in robust

tracking are not prior information about target, online learn-

ing, template drift, occlusion, clutter, etc. Recently, Ali et

al. [110] propose a novel template updating method to allevi-

ate the drift problem, which updates the template using sec-

ond order IIR filter. The first parameter of the filter is the rate

of appearance of the target, and the second parameter con-

siders the appearance difference from its actual appearance.

They propose a heuristic tracking method which combines

correlation, KF, and fast mean shift algorithms for long-term

robust tracking. The task of human mind to process video

data is of great inspiration for the researchers, and these

methods are getting their place in target tracking. For ex-

ample, Wang et al. [208] present memory-based multi-agent

co-evolutionary modeling for VOT. Their memory model

can remember, forget, and retrieve the target appearance by

its own experience, and the co-evolutionary process con-

sists of competition, recombination, and migration behavior.

Multiple memory agents are put in the search region which

finds the current position of the target by co-evolutionary

process. In a recent paper, Wang et al. [209] present memory-

based cognitive modeling for robust tracking which consists

of long-term, short-term, and ultra-short-term memory. The

cognitive model can remember, recall, forget, learn, classify,

and recognize visual information. Visual focus of attention

(VFOA) helps to track targets in human, therefore, the algo-

rithms are being introduced, e.g., [210], which try to mimic

this capability for real time tracking. Context aware track-

ing approaches [181, 184, 196] have generally shown better

results in recent years. Therefore, integration and automatic

extraction of contextual objects (supporters or auxiliary ob-

jects) is brought into focus by the computer vision commu-

nity.
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