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Abstract: Visual tracking is a popular and challenging topic in computer vision and robotics. Owing to changes in the appearance
of the target and complicated variations that may occur in various scenes, online learning scheme is necessary for advanced visual
tracking framework to adopt. This paper briefly introduces the challenges and applications of visual tracking and focuses on
discussing the state-of-the-art online-learning-based tracking methods by category. We provide detail descriptions of
representative methods in each category, and examine their pros and cons. Moreover, several most representative algorithms
are implemented to provide quantitative reference. At last, we outline several trends for future visual tracking research.
1 Introduction

Visual tracking is defined as the problem of inferring the
motion of a target given a sequence of images. With the
development of computer technology, it has become one of
the most popular topics in the field of computer vision.
Generally speaking, the usage of visual tracking is pertinent
in tasks of visual surveillance, automatic navigation,
medical diagnostic, video coding and indexing, virtual
reality, human–computer interaction and military affairs etc.
As shown in Fig. 1, most visual tracking methods comprise
object model, information integration, target detection and
model update. For different methods, different processes are
emphasised.
Traditional tracking methods with fixed models of a target

prior to the start of tracking task normally fail because of the
inevitable appearance changes. These variations are not only
from the object itself, such as non-rigid structure, shape
deformation, posture changes and abrupt motion, but also
from the surrounding environment, such as varying
changes, camera motion, view-point, camera scale and
occlusion. Therefore, to handle these variations effectively,
adaptive methods have been proposed to update the
representation of a target incrementally over time. That is to
say, new models should be learned online.
In this paper, the state-of-the-art single-target visual

tracking methods with online updating schemes embedded
are introduced. As shown in Fig. 2, methods mentioned in
this paper are classified as generative online learning
methods and discriminative online learning methods. In
addition, each category is divided into three sub-categories,
respectively. Sections 2 and 3 briefly describe the basic
theories of the two categories. Then, a considerable amount
of tracking methods based on online learning with their
pros and cons are synoptically described. Section 4 is then
dedicated to describing several attempts to jointly use the
above-mentioned two kinds of methods. Moreover, in
Section 5, objective comparisons among representative
methods are implemented, and the results are summarised
in tables to provide a useful reference. Finally, the
conclusion and future directions can be found in Section 6.
2 Generative online learning methods

Traditional generative online learning methods are adopted to
track an object by searching for regions most similar to the
target model. The online learning strategy is embedded in
the tracking framework to update the appearance model of
the target adaptively in response to appearance variations.
Below, some recent advances in online-learning-based
generative tracking methods are presented. These methods
are motivated by innovations in the representation of
appearance.
2.1 Methods based on templates

The lack of suitable appearance models is one of the main
factors that limit performances of visual tracking
algorithms. Traditional template-matching tracking methods
do not adapt to appearance changes because of the fixed
models. Therefore dynamic templates based on online
learning are utilised to represent appearance changes of a
target caused by changes in posture and illumination.
Jepson et al. [1] formulated a wavelet-based mixture model

and used online expectation–maximisation (EM) algorithms
to update the appearance model and derive the tracking
parameters efficiently for motion-based trackers. Zhou et al.
[2] embedded the EM-algorithm-based adaptive appearance
models in a particle filter to achieve greater robustness. In
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Fig. 1 Flowchart of visual tracking

Fig. 2 Methodology of this paper
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their method, two EM algorithms were used, one for updating
the appearance model and the other for deriving the tracking
parameters. Tu and Tao [3] derived an online EM algorithm to
estimate the appearance model parameters and update the
histogram space over time. In short, the main purpose of
online EM algorithm is to iteratively estimate and update
values of parameters during tracking. Its greatest strength is
simple and stable. However, the large amount of iterations,
easy to fall into local optimum and slow convergence may
lead to target lost and even tracking task failure.
Fussenegger et al. [4] described an online approach

that was able to update a shape space of reduced dimension
by using robust incremental principal component analysis
(IPCA). This algorithm can maintain the latest expression
of the target to suit changes of the target itself and
changes in the surrounding environment. However, in an
update, only one sample is dealt with. Yang et al. [5]
transformed the image of a hand to the grids of histograms
of oriented gradients (HOG). Thus, the descriptor named
IPCA–HOG was proposed to help the tracker to deal with
changes in the appearance of the hand as well as
background clutter.
Based on an active-contour shape and bootstrapping stage,

Chiverton and Xie [6] proposed an automatic online learning
model. The bootstrapper was applied to extract shape
information automatically from video frames. In addition,
Chiverton et al. [7] defined a memory for object samples in
a high-dimensional shape space to learn high-level shape
information online. Then, these shape samples were used to
define a template. The main shortcoming of this method is
that it is too slow for real-time application. Moreover,
similar to many active-contour tracking frameworks,
successful tracking is dependent on an empirical selection
of parameter values which control the relative contribution
2
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of the different model components. Liu et al. [8] proposed
a tracking algorithm based on online learning with a hybrid
template that consists of multiple types of features,
including sketch, texture and flatness. The hybrid template
is learned by extracting the most discriminative features
from the foreground and is updated by adjusting the feature
confidences and replacing the older less discriminative
features with the newer more discriminative ones from the
current observations. Various types of features are
complementary with each other to more fully describe the
target than single feature.
A main drawback of the above method lies in no explicit

replacement of the invalid patches during model
maintenance. To solve this problem, Xu et al. [9] proposed
a composite template, employing HOG, centre-symmetric
local binary patterns and colour histograms to represent the
local statistics of edges, texture and flatness of a target,
which is automatically updated online by adding new
effective composite patches selected from the fusion of the
matching templates and the candidate set.
Kwon and Lee [10] decomposed the observational model

into multiple basic observational models to represent the
appearance of the target. Each basic observational model
covers a specific aspect of the appearance of the target and
is constructed dynamically at each time step by sparse PCA
(SPCA). The global tracker is constituted from multiple
basic trackers corresponding to basic observational models
and motion models. Each specific tracker takes charge of a
certain change in the target or the surroundings, which
makes the algorithm fairly robust in response to various
changes.
However, because of the fixed number of basic trackers, the

above method is not adequate for complicated tracking tasks
with severe changes between frames. To solve this problem,
on the basis of visual tracking decomposition (VTD), Kwon
and Lee [11] presented a tracker sampler to select multiple
appropriate trackers from the tracker space dynamically to
adapt to specific changes. The performance of the algorithm
is very good even in a real scene. However, compared with
multi-feature template, the cost of the selection of valid
templates is the obvious increase of computation. Thus,
without further optimisation, the method cannot meet the
requirements of real-time tracking.

2.2 Methods based on subspace analysis

Instead of using a simple template to represent the appearance
model for tracking, an online learned subspace representation
can be used to provide a compact representation of a target
and reflect appearance changes during tracking. The
probabilistic model of the subspace approach facilitates
efficient computation.
Based on an inference probabilistic Markov model, Ross

et al. [12] proposed an adaptive probabilistic tracking
approach to update the models of a target by means of
incremental eigenbasis updates. Then, in consideration of
the changing sample mean over time, an incremental mean
update was added into the learning algorithm [13]. Thus, a
low-dimensional eigenspace representation of the
appearance of the target was learned in order to deal with
changes because of intrinsic and extrinsic factors. In
addition, a forgetting factor [14] was incorporated into the
incremental subspace update method to reduce the
contributions of earlier observations to the current
appearance model based on IPCA. This strategy can update
the appearance model more correctly in order to improve
IET Comput. Vis., pp. 1–10
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overall tracking performance. However, because of the
introduction of a forgetting factor, the algorithm may
abandon the good targets while adding bad ones, which
will lead to an exacerbation of errors.
Lee and Kriegman [15] proposed an online incremental

algorithm based on an appearance manifold that is
approximated by a collection of submanifolds (each of
which is represented by a PCA plane) and the connectivity
between them. The algorithm developed a prior generic
appearance model of a class of objects into the appearance
model of a target object of this class by incrementally
learning online from the video frames including the target
instance. Complex structures applied in this framework
provide better guidelines to the online update process to
yield a more accurate appearance model. The main
limitation of this algorithm is that a generic prior model is
required. That is to say, the tracker cannot track an object
without having a model of the class of the object being
tracked.
The above-mentioned subspace learning methods for

tracking are all based on image-as-vector representations,
which cannot fully exploit the spatial structure information
within the image ensembles and easily result in
high-dimensional data learning problems. In recent years,
algorithms that construct representations of image
ensembles using image-as-matrix approaches or high-order
tensors have been introduced. To represent the appearance
of a target more effectively, Li et al. [16] modelled the
appearance changes of a target online by adaptively
updating the sample mean and eigenbasis for incremental
learning of a three-dimensional (3D) temporal tensor
subspace representation.
To handle the illumination changes better, Wen and Gao

[17] defined a weighted tensor subspace representation of a
target by combining the retinex image with the original
image. The appearance model and the illumination variant
reflected by the light reflectance are updated online by
incremental learning. According to the authors, the weight
on the tensor representation is not adaptively but
empirically decided. To conduct more accurate modelling,
the covariance matrices of image features in five modes are
used to capture both statistical and spatial properties of
target appearance [18]. By incrementally learning an
eigenspace representation for each mode of the target, the
sample mean and eigenbasis are updated online to deal with
appearance changes. For the covariance computation, this
method is time-consuming and cannot be directly used in
practical applications.
To reduce the computational cost, Wu et al. [19] presented

a real-time visual tracking approach with incremental
covariance model updates. Each sample is associated with a
weight to give newer samples a greater influence on the
estimation of current covariance tensor representation.
Recently, Lu et al. [20] presented a subspace learning

algorithm based on graph embedding that uses a locally
connected graph (LCG). The semantic subspace model is
learned by constructing a supervised graph with several
types of labelled target samples. LCG combines the targets
with minor mistakes to construct a stable subspace through
the projection which is constructed before tracking.
Moreover, according to semantic information, samples of
the target are separated into some state categories (e.g.
rotation, occlusion and illumination). LCG applies
additional label constraints to link the subgraph of each
state category to make the graph more compact and
reasonable to handle the drifting problem [21].
IET Comput. Vis., pp. 1–10
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2.3 Methods based on sparse representation

With sparse constraints, most of the appearance information
about the target can be represented by a linear combination
of only a few basis vectors. Then, tracking is formulated as
searching for samples with minimal reconstruction errors in
a learned template subspace.
Mei and Ling [22, 23] proposed that an object

be represented as a linear combination of the online
updating target templates and trivial templates (which have
only one non-zero element). Tracking is then regarded as a
sparse approximation problem. The sparsity is achieved
by solving an L1-regularised least-squares problem. In
this method, partial occlusion, appearance variances
and other challenging situations are considered through
an error vector represented by the set of trivial
templates. The algorithm demonstrated a robust tracking
performance through experiments. However, it cannot deal
with very large pose change or complete occlusion of the
target.
To reduce the computational complexity of the L1-tracker

(L1T), Li et al. [24] proposed real-time compressive
sensing tracking (RTCST), which exploits the signal
recovering power of compressive sensing. Liu et al. [25]
proposed a two-stage sparse optimisation approach
for tracking (two-stage sparsity tracking (TST)). A sparse
set of features is selected to minimise the target
reconstruction error and maximise the discriminative power.
The training set and the template library models are updated
online to enhance the robustness of the tracker. For
modelling the target as a single entity, this approach cannot
handle partial occlusion very well.
To model the appearance of the target, Liu et al. [26]

utilised a static sparse dictionary and a basis distribution
updated dynamically online. A novel dictionary learning
algorithm with a locally constrained sparse representation,
called K-selection, was introduced.
According to Chen et al. [27], the appearance of the

target was modelled and then updated online with the raw
intensity values of the target region. Different kinds
of appearances are modelled by different subspaces.
A similarity measure is defined to evaluate the distance
between a target candidate and the learned appearance
model. Then, based on Bayesian inference, maximum a
posteriori estimation is used to estimate the target state in
each frame over time.
Bai and Li [28] represented the appearance of the target as

a sparse linear combination of a structured union of subspaces
in the basis library, which consisted of a learned eigen
template set and a partitioned occlusion template set.
Furthermore, an IPCA-based learning scheme is applied to
update the eigen templates online.
Jia et al. [29] updated the templates online based on

incremental subspace learning (ISL) and sparse
representation to handle the drifting problem and partial
occlusion. The update scheme enabled the tracker to
account for appearance changes of a target. Based on sparse
representation, Lu et al. [30] took into account the
geometrical structure of the target template set. Their novel
algorithm, called non-local self-similarity regularised
coding, builds K-nearest neighbours (KNNs) to encode the
structural information of the target. The weights of
templates are then updated to capture the appearance
changes. With the advantages of robustness, however, the
slow tracking speed of the proposed method limits its
application.
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3 Discriminative online learning methods

Discriminative online learning methods, which have been
termed tracking by detection, treat object tracking as a
classification problem. Unlike generative methods,
discriminative tracking frameworks utilise information of
the target and background simultaneously. A binary
classifier is trained to distinguish the target from the
background and is updated online to handle appearance and
environmental changes. This exploits information from both
the target and the background.
Below, the discriminative tracking methods based on

online learning are introduced by category, according to
where the online update procedure is adopted.

3.1 Methods based on online feature selection

The discriminative ability of a tracking framework is directly
related to the feature space used. If the feature of a target is
very distinctive from surroundings, a simple tracker will
often have enough capability to follow it. Instead of using a
fixed set of features that is determined a priori, adaptive
online selection of an appropriate feature space is adopted
for visual tracking. In this kind of method, a feature ranking
mechanism which adaptively selects the top-ranked
discriminative features is embedded in the tracking system.
In [31], a training sample was obtained from facial images

in RGB space. Then, the RGB coordinates are converted into
some other colour coordinates, such as normalised RGB,
XYZ, YCbCr and YIQ coordinates, through the colour
transform function. Based on linear discriminant analysis
(LDA), one of several different colour spaces are chosen
online to construct the histogram for face tracking.
Collins et al. [32] proposed an adaptive online method to

evaluate and update the appropriate feature space for
tracking. To select the most discriminative features to adapt
to changing appearances, all candidate features are rank
ordered by measuring the separability of the distributions of
the target and background classes over time. Then, the
selected features are used to label pixels in a new frame as
belonging to either the target class or the background class.
Above two methods both adopt colour histogram, which

has limited identification power in many cases, to model the
target and background. Thus, when the target and
background patches have similar colour distribution or the
appearances change drastically over the sequence, the target
may get lost and the tracking task may fail.
Nguyen and Smeulders [33] proposed representing the

target and the background with textural features. Gabor
filters are used to cope with large appearance variations of
the foreground. The algorithm is robust to view-point
changes. However, the high dimensionality of texture
features makes it not a good choice for real-time tracking.
Wang et al. [34] embedded the feature selection procedure

in the particle filtering process with the aid of existing
background particles. Discriminative features are selected
online from a large feature space by the Fisher discriminant
method. For the characteristic of particle filter, the real-time
ability of the algorithm is still unsatisfactory because of the
large number of features.
Li et al. [35] introduced 2D-LDA to analyse the 2D image

matrix directly instead of initially converting the 2D images
into vectors. Using 2D-LDA, the algorithm selects the
effective projection subspace recursively to adapt to online
learning and rapid computation. According to this method,
the model is updated not at each frame but at a fixed frame
4
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interval, which is beneficial for rapid computation.
However, if drastically large changes happen between two
update operations (e.g. sudden occlusion or changing to
side face), tracking errors will also be large and even lead
to tracking failure.

3.2 Methods based on online updating classifiers

If a specific object model is available, the binary classifier can
be learned online. However, if there is no prior information
about the appearance of the object, the binary classifier
must be learned online because of the lack of training
samples. From herein, these classifiers based on online
learning methods are the focuses. Given an initial position
of the target in the current frame, the classifier is evaluated
at many possible positions in a surrounding search region in
the upcoming frame.
Avidan [36] used AdaBoost to combine an ensemble of

weak classifiers to form a strong classifier. Each weak
classifier is trained online with a different training set based
on an 11D histogram feature space including pixel colours
and a local orientation histogram. Then, the strong classifier
is used to label pixels in the next frame as belonging to
either target or background in order to form a confidence
map. The peak of the map is considered the current location
of the target. The main advantage of this algorithm is the
satisfactory execution speed owing to few calculations.
However, Adaboost is sensitive to noise samples, which
will affect tracking results to a certain extent.
Grabner et al. [37, 38] designed a tracking framework that

selected the best discriminative features from a global feature
pool through an online-AdaBoost-based classifier. At each
time step, the strong classifier built with a linear
combination of a number of weak classifiers is updated
online using the new training samples to adapt to
appearance changes. Moreover, the worst of the weak
classifiers in the feature pool is replaced with a new
randomly chosen one to increase the diversity of the weak
classifiers.
The online update strategies mentioned above can

effectively cope with appearance changes, short-term
occlusion and complex backgrounds. Nevertheless, the
accumulation of online model updating errors may cause
drifting of these methods. To deal with this problem, the
semi-supervised AdaBoost classifier was adopted for
tracking [39]. An online version of this classifier was
proposed to improve the performance of tracking [40]. The
renewal of the classifier is constrained by an assistant
classifier trained in the first frame. According to this
method, labelled samples come from the first frame only,
and subsequent training samples are left unlabelled. Thus, it
is difficult to determine where exactly the target is located
in the first frame. The appearance model is updated with a
suboptimal positive sample because of the imprecise tracker.
To solve this problem, Babenko et al. [41] proposed an

online multiple instance learning (MIL) method based on
boosting instead of traditional supervised learning. The data
are presented in the form of labelled bags, which are
collections of several instances. One positive bag consisting
of several image patches is used to update an MIL
classifier. Zeisl et al. [42] then proposed a coherent
framework combining semi-supervised learning and MIL to
obtain more robustness and adaptability for visual tracking.
The computation cost of MIL methods is usually high

because of the need for handling ambiguity of instance
labels in positive bags. To solve this problem, Li et al. [43]
IET Comput. Vis., pp. 1–10
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proposed a novel framework called batch mode adaptive
MIL, which divides the training bags into several sets of
bags (i.e. batches) instead of using all the training bags at
once. The classifier is updated with the latest pre-learned
classifier and one batch of training bags. Thus, the MIL
methods are more suitable for real-time tracking applications.
All of the above-mentioned tracking methods based on

online boosting focus on replacing weak classifiers or
features with new ones to cope with scene changes over
time. In contrast, Parag et al. [44] proposed a novel online
boosting algorithm with continuous updating of the weak
classifiers themselves. Adaptive linear regressors were
combined for online boosting and used as the base learners.
The internal parameters of the base learners are modified
over time so the final classifier is able to cope with
changes. The forgetting mechanism is also adopted to
reduce the influence of previous data.
Sankaranarayanan and Davis [45] presented a novel analysis

of the one-class version of the MIL problem, which means that
the input data are provided only in the form of positive bags.
A formulation based on a support vector machine (SVM)
was developed to solve the problem. This framework was
introduced to address the tracking problem by constructing
positive bags with video sequences and segmenting each
image in the sequence to obtain instances.
To make better use of historical information in tracking,

Tian et al. [46] presented an ensemble of linear SVM
classifiers with online updating, which could automatically
select the key frames of the target from the historical frames
as support vectors. Through online updating, the SVM
tracker could adjust its hyperplane for the maximum effect.
Bai and Tang [47] presented an online tracking method

called Laplacian ranking support vector tracking. For this
tracking algorithm, the weakly labelled data in the next
frame are combined with the labelled data in the initial
frame and the most recent frames to adapt to various
appearance changes including full occlusion.
Gu et al. [48] proposed a tracking by detection framework

based on combined utilisation of nearest-neighbour
classification of bags of features and efficient sub-window
searches. This framework yields a simple and efficient
algorithm that handles various changes well. Nevertheless,
the tracker cannot localise the target very precisely when
the target’s shape deforms.
Saffari et al. [49] proposed an online random forests

algorithm and applied this for visual tracking with simple
Haar features. In the classification process, online bagging
and randomised forests are combined to produce an online
procedure for growing a decision tree. Moreover, a temporal
weighting scheme is adapted to discard some trees
adaptively based on their out-of-bag errors in given time
intervals, and consequently new trees are grown. The
method is simple to implement and has shown to converge
fast.
Petrovic et al. [50] presented a tracking algorithm based on

a set of naive Bayesian classifiers. New classifiers, which
replaced the oldest ones from the set, are trained online by
continuously calculating new log-likelihood ratios. Then,
the mean-shift algorithm is used to find a peak of the
log-likelihood map and consequently the new position of
the target. The tracker is robust to appearance changes of
both target and the background around it. However,
tracking performance will be unsatisfactory when the target
moved rapidly.
Zhang et al. [51] utilised compressive sensing theories to

reduce the dimension of the feature space. A sparse
IET Comput. Vis., pp. 1–10
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measurement matrix is used to facilitate the projection from
the feature space to a low-dimensional compressed
subspace. The positive and negative samples are projected
with the same sparse measurement matrix and discriminated
with a simple naive Bayes classifier learned and updated
online. The tracking algorithm is very simple, but performs
well in terms of accuracy, robustness and speed. Owing to
an online learning strategy, the previously studied samples
are easily forgotten. Thus, once the deviation occurs, the
algorithm will be further and further adrift over time.
Adaptive tracking methods suffer from the drifting problem

associated with model error accumulation over time because
of a reliance on self-updating online. Semi-supervised
learning methods and MIL methods are the most commonly
used to handle the drifting problem. By contrast, Santner
et al. [52] combined normalised cross correlation, a
mean-shift tracker based on optical flow (as a highly
adaptive element), and an online random forest (as a
moderately adaptive appearance-based learner) in a
cascade-style, to solve the drifting problem. A particular
advantage of this method is that it is able to perform well
on unseen frames without presets. In addition, each
individual part of the system can be exchanged easily, and
employing more powerful trackers could increase the
tracking performance.
Yao et al. [53] proposed an online learning method that

makes use of both recent and historical data through
weighted reservoir sampling. The performance of the
tracker is improved by online updating of the target
appearance model without losing track of previous
appearances. Moreover, since the information in the past is
not completely discarded, the combination of new and old
information can help the tracker recover from drift.
For object tracking at a low frame rate, Li et al. [54]

adopted a series of observational models (observers) with
different learning periods and service periods to enhance
the discriminative power and efficiency. Each observer is
learned from different ranges of samples, with different
subsets of features, to achieve varying levels of
discriminative power at varying cost. Then, an efficient
fusion and temporal inference is operated by a cascade
particle filter which consists of multiple stages of
importance sampling. The tracker can accurately locate the
target. Meanwhile a drift, which will eventually lead to
tracking failure, could be caused by the only dependent on
online knowledge.
Stalder et al. [55] introduced the dynamic objectness,

which allows to sporadically re-discover the tracked target,
into a discriminative tracking framework to adapt to unseen
views of the object. The main advantage of the approach is
that it builds an appearance model of the target for an
eventual re-detection after partial or full occlusion.
Inspired by findings on human visual perception, Yang

et al. [56] proposed a novel attentional visual tracking
(AVT) algorithm reflecting some aspects of spatial selective
attention. The algorithm defines a pool of attentional
regions to represent the target and dynamically selects a
subset of discriminative attentional regions through a
discriminative learning of the historical data. Moreover, by
introducing locality-sensitive hashing to online tracking, the
computation for AVT becomes feasible.
Recently, to enable long-term tracking, Kalal et al. [57]

proposed a robust tracker that explicitly decomposes its task
into tracking, learning and detection (TLD). According to
this method, the tracker uses an adaptive short-term method
based on a Kanade–Lucas–Tomasi feature tracker.
5
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A classifier based on random forests is used for detection [58].
The positive–negative (P–N) learning module [59] assesses
two kinds of errors (false positives and false negative)
according to the results of the tracking module, generates
training samples according to the assessment result, and
then updates the target model. The key points in the
tracking module are updated at the same time in order to
avoid similar mistakes in the future. The TLD algorithm
skillfully combines TLD together to achieve the purpose of
target tracking. However, there are still many challenges
that have to be addressed. For instance, TLD does not
perform well in case of full out-of-plane rotation (rotate
along the vertical or left-right axis). It should be a very
useful framework in practice, because of so many
adjustable parameters.

3.3 Methods based on online metric learning

The objective function of the learned classifier is used for
matching and tracking. For most discriminative models,
fixed distance metrics specified in advance are employed,
such as Euclidean metric, the Bhattacharyya coefficient,
Kullback–Leibler divergence, Matusita metric, a
combination of them and so on. Since the predefined metric
does not necessarily guarantee that the closest match will be
the target of interest, methods have been proposed recently
which learn and adjust distance metric adaptively by finding
the best projection of the feature space. A distance metric is
learnt to capture the correlation information between
different feature dimensions for robust tracking. Appearance
modelling and matching are performed online by some
optimisation algorithms which are now discussed.
Wang et al. [60] proposed a discriminative tracking

framework based on a Mahalanobis form of metric learning
method. In this algorithm, the appearance modelling and
visual matching are performed online simultaneously
through efficient gradient-based optimisation. Training
examples are derived directly from the cost function based
on a principled criterion. This tracking framework can deal
with various challenging situations. However, without any
optimisation, the algorithm is time-consuming, thereby
unable to meet real-time requirement.
Jiang et al. [61] presented a new visual tracking framework

incorporated with a neighbourhood component analysis,
which adaptively learns a Mahalanobis distance metric for
more accurate matching. Then, a KNNs classifier, with a
soft representation of the nearest neighbours, is used to
predict the class label of an input data point under the
distance metric learned online. This method is especially
suitable for quite cluttered and distractive environment. In
addition, the computational efficiency is significantly
enhanced because of dimension reduction. In 2012, online
sparsity regularisation was introduced [62] to
sparsity-regularised metric learning in order to avoid the
larger classification error, higher computational costs and
over fitting which are probably caused by the inappropriate
dimensions of the projected metric space.
Tsagkatakis and Savakis [63] also adopted the combination

of supervised online distance metric learning and
nearest-neighbour classification for object tracking. A novel
feature representation of image patches was introduced on
the basis of the extraction of scale invariant features.
Furthermore, a collection of previous appearances encoded
in a template library is used in combination with the scale
invariant features to represent the model of the target. Both
the distance metric and the template library are updated
6
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online to better adapt to the appearance changes. However,
the accuracy can be degraded by noise or irrelevant features.
To capture information on the correlation between different

feature dimensions, Li et al. [64] incorporated an online
metric learning into a tracking algorithm based on the
non-sparse linear representation. Moreover, in order to
prevent unbounded growth in the number of training
samples for the metric learning, they designed a
time-weighted reservoir sampling method to balance sample
diversity and adaptability. This algorithm is much faster
than recent sparse linear representation based trackers with
comparable accuracy.
Cong et al. [65] proposed an adaptive tracking method with

online metric learning and graph-based semi-supervised
learning. A new graph model, named the bi-linear graph,
was proposed to measure the similarity for online label
propagation of new data. Both training samples and testing
samples were applied to make a better decision.
Currently, tracking by detection is the most popular

tracking strategy. However, a classifier updated online is
highly prone to drift, because of the accumulation of errors
while training and the imprecision of instances. Therefore
ensuring better adaptability for these methods while
improving the stability of the tracker remains a challenging
problem.
4 Combined methods

The generative tracking methods model only the appearance
of the target and will easily fail in the case of a cluttered
background. By contrast, the discriminative methods are
capable of handling significant appearance changes,
cluttered backgrounds and short-term occlusions. However,
they are sensitive to noise, commonly suffer from the
drifting problem and are easily disturbed by other objects
that are similar in appearance to the target. Therefore, to
obtain more effective tracking methods, some researchers
have recently attempted to benefit from both types of
methods.
Lin et al. [66] tried to set up a discriminative generative

model. The observational model is built online for visual
tracking and the discriminative method is used to predict
the target location.
Woodley et al. [67] introduced a method that uses a local

generative model to constrain the selection of local features
in the classifier. The appearance model is computed from
the first few frames by local non-negative matrix
factorisation. In addition, the information on occluded
regions identified in the current frame was incorporated into
the online feature selection stage.
Zhang et al. [68] proposed a graph-based discriminative

tracking framework in which ISL and Fisher discriminant
analysis are combined for tracking. The subspace of the
target and the topology structures of graphs are updated
online simultaneously to capture the appearance changes
and reliably separate the target from the background. This
method aims to maintain within-class compactness to
improve the accuracy and efficiency of the localisation.
However, the drifting error accumulation will become
increasingly large as the track progresses.
Yu et al. [69] adapted a co-training method to combine

generative and discriminative models. The generative model
is based on online learning of multiple subspace features to
describe the complete appearance of a target and adapt to
various appearance changes. The discriminative model is
IET Comput. Vis., pp. 1–10
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Table 2 Recent online-learning-based generative methods

Categories Representatives Methods

template based EM-based, VTD [1–11]
subspace analysis based IVT, LCG-based [12–21]
sparse representation based L1T, RTCST [22–30]

Table 3 Recent online-learning-based discriminative methods

Categories Representatives Methods

online feature selection LDA, ODF [31–35]
online classifier update MIL, TLD, CT [36–59]
online metric learning TUDAMM, DML [60–65]

Table 1 Tracking sequences used in the experiments

Sequences Frames Resolutions Main challenges

David–
indoor

761 320 × 240 varying illumination,
partial occlusion, pose
change, scale change

Lemming 1336 640 × 480 occlusion, scale change,
motion blur

Board 698 640 × 480 background clutter, pose
change

Girl 502 320 × 240 3D-motion, moving
camera

FaceOcc2 812 320 × 240 heavy occlusion, rotation
in plane

Panda 1000 312 × 233 occlusion, pose change,
scale change

Box 1161 640 × 480 occlusion, fast motion
Shaking 616 624 × 352 varying illumination, pose

change, scale change
Tiger1 364 320 × 240 heavy occlusion, fast

appearance change
Syslvester 1344 320 × 240 varying illumination, pose

change, scale change
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based on an incrementally learned SVM classifier with HOG
features and is trained to focus on recent appearance
variations. This method has strong reacquisition ability and
robustness. However, abrupt appearance changes and
occlusions are problems that it cannot deal with.
To solve the drifting problem caused by a coarse shape

representation or background distracters, Yin and Collins
[70] proposed to embed global shape information and
region-based probability of object boundary into local graph
links in a conditional random field framework [71] to
reduce the accumulated pixel classification error.
Aeschliman et al. [72] proposed a probabilistic framework

to perform segmentation and tracking jointly. The goal of the
pixel-level segmentation is to obtain accurate boundaries for
the target and update the probability model based on a
modified probabilistic PCA. By jointly considering both
tracking and segmentation, this method can robustly track
targets in difficult scenarios. However, features more than
just intensity should be used to avoid targets missing. In
addition, it is not suitable for real-time tracking.
The algorithm proposed by Wang et al. [73] learn sparse

codes and a linear classifier directly from raw image
patches. The sparse codes of all the grey-scale image
patches inside an object were concatenated and used for
object representation. A two-stage tracking method was
adapted to account for appearance changes and alleviate
drifting problem [74].
Motivated by the online learning for sparse coding, Yang

et al. [75] presented a new tracking framework based on
sparse representation and a particle filter. Each target
candidate is represented by target templates and background
templates with an additive representation error for adapting
to appearance changes. The target templates or the
background templates are activated in a competitive manner
to achieve the ability to discriminate between the target and
the surroundings. The templates of the target and
background are updated by a weight-based strategy, and the
online basis learning algorithm was used to learn the error
basis set.
Table 4 Numbers of successfully tracked frames

Sequences Frames VTD IVT L1T

David 761 704 465 304
Panda 1000 510 120 560
Box 1161 557 639 58
Girl 502 502 353 450
Shaking 616 596 466 62
Tiger1 364 43 4 171

Table 5 Average centre position errors (pixels)

Sequences Frames VTD IVT L1T

David 761 54 20 51
Panda 1000 6 58 10
Box 1161 43 60 80
Girl 502 13 40 13
Shaking 616 20 150 60
Tiger1 364 55 122 30
5 Experimental comparisons

In this section, we implement and compare several
representative state-of-the-art tracking algorithms of
different categories on challenging sequences based on
above discussion. The details of all the test sequences we
used are summarised in Table 1. Main challenges of these
sequences contain varying illumination, moving camera,
fast motion, scale change, pose change and occlusion etc.
We use the source codes provided by the authors in all

experiments. The parameters of each tracking method are
carefully selected for best performance. For instance, 300
particles are used for the tracking methods which use
particle filtering in all tests.
The numbers of successfully tracked frames and the

average position errors (pixels) with respect to object centre
are used as evaluation standards to quantitatively evaluate
tracking performance. The tracking result in one frame is
considered as a success when the overlap with a ground
truth bounding box is larger than 50%. The centre position
error is defined as the distance between the central position
of the tracked target and the manually labelled ground truth.
Recent advances on online-learning-based generative

tracking methods and discriminative methods are
summarised in Tables 2 and 3, respectively. The numbers
IET Comput. Vis., pp. 1–10
doi: 10.1049/iet-cvi.2013.0134
of successfully tracked frames and average centre position
errors of generative tracking methods are summarised in
Tables 4 and 5, respectively. The experimental results of
discriminative tracking methods are listed in Tables 6 and 7.
7
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Table 6 Numbers of successfully tracked frames

Sequences Frames MIL PROST TLD CT

David 761 135 609 756 685
Box 1161 70 1061 1065 1033
Girl 502 378 447 219 401
Tiger1 364 280 288 310 276
Syslvester 1344 994 990 1263 1008

Table 7 Average centre position errors (pixels)

Sequences Frames MIL PROST TLD CT

David 761 16 15 7 16
Box 1161 104 12 17 14
Girl 502 32 19 22 21
Tiger1 364 8 7 10 10
Syslvester 1344 9 11 15 9

Table 8 Comparisons among representative methods

Methods Categories Partial
occlusions

Driftings Speeds
(FPS)

VTD [10] G robust robust 6.1
IVT [14] G robust robust l3.4
TLD [57] D not robust robust 28.6
CT [51] D robust robust 64.5
TUDAMM
[60]

D robust not
robust

2.5

CoGD [69] C not robust robust 2.0

G: generative method; D: discriminative method; C: combined
method; FPS: frames per second.

www.ietdl.org
Performance evaluations of representative generative,
discriminative and combined methods are summarised in
Table 8. Methods of different categories are implemented
on several benchmark datasets, and the results are listed in
Tables 9 and 10.

6 Conclusion and future directions

Appearance changes are among the crucial causes that make it
extremely difficult to track the target of interest accurately and
Table 9 Numbers of successfully tracked frames

Methods Categories David Lem

VTD G 704 4
IVT G 17 2
TLD D 756 2
PROST D 609 9
CoGD C 759 9

Table 10 Average centre position errors (pixels)

Methods Categories David Lem

VTD G 54
IVT G 20 1
TLD D 8
PROST D 15
CoGD C 30
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rapidly. To deal with it, online learning methods have recently
been embedded to construct adaptive frameworks that adjust
to appearances changes during tracking.
In this survey, the state-of-the-art single-target visual

tracking algorithms based on online learning methods have
been reviewed in terms of two types: generative and
discriminative. The basic principles and characteristics of
these algorithms are explained at the beginning of Sections
2 and 3. To sum up, without background information,
generative methods take only the appearances of objects
into consideration. By contrast, the objective of
discriminative methods is to find a decision boundary to
separate the target from the background by utilising
information on both the objects and the surroundings.
Performance evaluations of representative generative [1–

30], discriminative [31–65] and combined methods [66–75]
are summarised, and the results are shown in Tables 9 and
10. In visual tracking field, according to most literatures,
the number of successfully tracked frames and the average
position errors is commonly used as evaluation standards to
quantitatively evaluate tracking performance.
Commonly, discriminative methods perform better than

generative methods if enough training samples are
available. However, when the number of instances used for
training is small, generative methods often outperform
discriminative ones. That is, separate use of either approach
is not robust enough for visual tracking tasks in reality. A
promising direction is to integrate the advantages of both
types of online learning methods to achieve better
performance, and the latest combined methods have been
surveyed in this paper. It is worth noting that although the
generalisation performance of generative models can often
be improved by training them discriminatively, improper
hybrid of discriminative generative model generates even
worst performance than pure generative or discriminative
methods.
Although tracking methods based on online learning have

achieved a wealth of results, the inherent drifting problem
still needs more thorough investigation. To improve the
performance of online-learning-based visual tracking
methods, there are several possible directions, introduced as
follows.
Currently, a strategy adopted by most existing methods in

order to limit the drifting problem is to keep the target not
far from the fixed prior appearance models. However,
drifting may still be caused by similar objects or
ming Board Girl FaceOcc2

71 264 502 790
84 30 353 583
34 134 95 710
42 524 401 674
07 279 482 767

ming Board Girl FaceOcc2

98 70 13 9
28 169 40 20
16 134 19 14
25 39 18 17
39 75 14 13
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overcommitted models in a situation of rapid changes.
Comparatively speaking, incorporating segmentation is
definitely a more feasible way to solve the problem directly.
However, it is difficult to obtain accurate segmentation in a
complex environment.
Recently, some reasonable conjectures have been utilised

in object tracking along with contextual information such as
when adjacent objects are correlated with a target of
interest, partial subregions of the target itself, the trajectory
of the moving target, the relationship between traces or the
velocity and acceleration of the target. Some achievements
have been reported [75–77]. It is clear that a context-based
object tracking algorithm can fully exploit the information
in the image. Theoretically, a context-based object tracking
method can obtain better results than any other algorithm.
However, contextual information is difficult to present.
Although the context-based tracking method is still in the
formative stage, the integration of contextual information is
playing an increasingly important role in visual tracking
research.
Additionally, with the development of neurophysiology

and psychology, research on mechanisms of biological
vision such as visual attention, feature learning, memory
and imagination have attracted certain attention in recent
years [e.g. 28, 78]. It has been a very important direction of
visual tracking to use a simulation of the mechanism of
biological vision to establish a corresponding artificial
neural network model, and to realise even partially the
function of the human visual system.
In conclusion, the classic problem of finding the balance

between efficiency and accuracy or adaptability and stability
is a dilemma in visual tracking as much as any other
research area. With the great progress that mathematical
theory has made in recent years, effective mathematical
tools can be utilised to handle visual tracking problems.
The above introduction to tracking algorithms based on
online learning is hoped to provide a beneficial reference to
researchers and engineers in related areas.
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