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Abstract— Tracking an object without any prior information

regarding its appearance is a challenging problemModern

tracking algorithms treat tracking as a binary classification
problem between the object class and the backgrounclass. The
binary classifier can be learned offline, if a spéfic object model
is available, or online, if there is no prior infomation about the
object’s appearance. In this paper, we propose these of online
distance metric learning in combination with neares neighbor
classification for object tracking. We assume thathe previous
appearances of the object and the background aredtered so
that a nearest neighbor classifier can be used toigfinguish
between the new appearance of the object and the ggarance of
the background. In order to support the classificaibn, we employ
a Distance Metric Learning (DML) algorithm that learns to
separate the object from the background. We utilizéhe first few
frames to build an initial model of the object andthe background
and subsequently update the model at every frame dng the
course of tracking, so that changes in the appearam of the
object and the background are incorporated into themodel.
Furthermore, instead of using only the previous frane as the
object's model, we utilize a collection of previousppearances
encoded in a template library to estimate the simérity under

variations in appearance. In addition to the utiliation of the
online DML algorithm for learning the object/background model,
we propose a novel feature representation of imagsatches. This
representation is based on the extraction of scalvariant

features over a regular grid coupled with dimensioality

reduction using Random Projections. This type of npresentation
is both robust, capitalizing on the reproducibility of the scale
invariant features, and fast, performing the trackihg on a
reduced dimensional space. The proposed tracking gdrithm

was tested under challenging conditions and achiedestate-of-the
art performance.

Index Terms— object tracking, distance metric learning,
online learning, nearest neighbor classification, andom
projections.

I. INTRODUCTION

Object tracking is a vital part of many computesion
applications, including surveillance, human

interaction, smart spaces and gaming, among otlrgct

tracking is a very challenging task due to appeaan

variations caused by occlusions and changes imiilation
and pose. This task can become even more demanttieg
there is no prior information
appearance. Traditional object tracking algorithmadel the
appearance of the object in a generative way, whibelern
techniques view tracking as a classification problith
temporal priors. In the latter context, the goatddocate an
image region that belongs to the same class adrdoked
object, under the constraint that the new locattospatially
adjacent to the previous one. This novel approashréceived
a lot of attention due to its ability to maintaiccarate tracking
despite severe conditions.

Based on the binary classification paradigm,
discriminative tracking algorithm can be trainether offline
or online. If an object model is not available, raod online
learning approaches for discriminative trackinglizgi the
boosting framework to incrementally train a binatgssifier
that will be able to separate the object from thekiground.
These methods have solid theoretical background reave
demonstrated very promising results. In similarispgo the
online trained discriminative tracking approaches,propose
a novel tracking method where the problem is tcbae a
nearest neighbor classification with online learrkstance.
The idea is based on the stipulation that diffeegypearances
of the object will be close to each other in aahl# feature
space, i.e. the feature representation of the tibjappearance
in the current frame will be close to its featuepnesentation
in the previous frame. However, measuring simyaritith
Euclidean distance, as is typically done in neansstjhbor
classification, is not adequate, since Euclideatadce does
not encode any discriminative information. As aufg
tracking is likely to fail due to misclassificatiaamder mild
changes [3]. To overcome this impediment, we preptus
learn an appropriate distance metric that will ¢ieimall

computedistances for different appearances of the objed large

distances for appearances of non-objects (backdjourhis
approach is formally known as distance metric legrn
(DML) and its goal is to discover a distance methat will
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is facilitated by searching for the region that imizes the

learned distance between reference templates andutinent

appearance of the object. The learned distancepdated

online in order to incorporate various appearanckshe

object as well as the background regions. In amfitinstead
of a single reference template, a collection ofgketes called
the template library is used to capture the olgeappearance
at various stages of the tracking.

The use of nearest neighbor classification in cowuon
with online distance metric learning offers severdvantages
in the context of object tracking:
1.1t provides continuous values, rather than atyioutput as
is done in typical binary classifiers. The benefithaving
continuous values for similarity is that they cam used as
robust indicators of the changes in the appearandeassist
in the detection of occlusions. Furthermore, tharried
similarity can be used for estimating the correlatbetween
the current appearance of the object and the exniplthe
template library, whereas in binary classificatiail
previous templates are equally weighted.

.It offers an efficient way to transition from ropletely
supervised, to semi-supervised and unsupervisdihgset
depending on the availability of prior informatiofor
example, if an initial estimation of the objectppaarance
is available, a batch DML algorithm can be apphed used
for tracking. On the other hand, when no prior infation
is available, as is the case of unsupervised tngclthe first
few frames can be used for initial modeling andiranl
metric learning will handle the subsequence changes
3. Similarly to other detection based tracking alfons, this
method has the capability to learn both positive megative

examples, which offers increased discriminative @OW ghattacharyya

compared to generative approaches that model tjeettsh

appearance without any concern about the background
4. There are numerous types of features that camsbeé for

appearance encoding, ranging from edge responsecate

Invariant Feature Transform (SIFT) features. In tcast,

boosting based techniques are usually constramsdrtple

Haar-like features.

Although online distance metric learning is a pdwer
technique in the context of object tracking, thethod used
for the representation of the object’'s appearascanother
critical component of the tracking algorithm. A ®bv
approach in image representation that has gairteckest is the
extraction of SIFT features over a regular gridisTiype of
feature representation has been employed in stateeart
image classification schemes including [26] and].[3Bhe
benefits of using SIFT features for object représon
include robustness to small changes in appearamck
ilumination. However, the extraction of dense Sif€atures
generates a high dimensional representation of eagion.
Performing the required operations of the propasadking
scheme on the high dimensional representationsseilerely
degrade the execution speed of the system. We saidhés
issue by utilizing the Random Projections (RPs)hoétfor
reducing the dimensionality of the region repreaton. RPs
is a data-independent linear method for dimensignal

reduction which offers performance acceleration heuit
requiring prior knowledge on the object’s appeaeaiithe use
of RPs in the context of object tracking was fpspposed in
[27], where the authors used a linear kernel artdnaplate
matching algorithm object tracking across a netwark
cameras.

The rest of the paper is organized as follows. iSec?
provides an overview of different approaches ineobj
tracking and their association with our work. Thegesses of
feature extraction using SIFT and RPs is discugs&Ection
3. Distance metric learning is overviewed in Sattlg while
the application of distance learning in object kiag is
presented in Section 5. Experimental results axergiin
Section 6 and the paper concludes in Section 7.

Traditional template based tracking algorithms dam
coarsely divided in two categories: offline andioal In the
offline approaches, a model of the object is eitlearned
offline, using similar visual examples, or is leadnduring the
first few frames. In both cases once the object ehad
generated, a predefined metric is used to idettiéyocations
in subsequent frames. Examples of this class afkimg
algorithms include kernel based methods [1] andeapmce
models [6]. These methods suffer from the limitatibat once
the model is created, it is not updated and, &salt; tracking
may fail due to unexpected object appearancesddtitian,
appearance based methods, such as [6], requinentyaivith
all possible poses and illumination, a time consuynprocess.
Furthermore, the use of a predefined metric suchthas
coefficient [1], the Kullback-Leibler
divergence [2], the normalized cross correlatiothersum-of-
absolute differences [3], may not be appropriateg fo
representing the relationship between differenteapgnces of
the object that may be encountered during tracking.

The second line of thought utilizes online learnindearn
the object’'s changing appearance during trackingin® or
incremental template update was first suggestedeipgon et
al. in [15], where a mixture of three components weoposed
for the representation of the object, namely ttreblst the
transient and the noise component. Other exampleslme
learning for tracking include the work of Mattheetsal. [16],
who suggested a template update strategy for niiimgaan
update appearance model, and the online subspaognig
approaches by Lim et al. [17] and Kim et al. [1#Bjt seek to
incrementally update the object's appearance sgbspa
Although these methods attempt to maintain an ateur
@nodel for the object, they are vulnerable to diié, the slow
degradation of the object's model and the adaptatiothe
background’s appearance. A partial solution togtablem of
drift was proposed in [19], where offline trainedpport
vector machines were used for separating the appearof
the object to that of the background. Nevertheldbss
approach is still an offline based method and thass similar
problems to other offline based methods.

A novel framework in visual tracking aims at allaving the
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problems caused by drift without requiring an esiplmodel
of the object. According to this framework, tradkiis treated
as a binary classification problem where the objecis to
both model the object's appearance and separdtenit the
appearance of the background during tracking idstef
relying on offline training. In [20], Avidan proped the use of
the classification score of the Adaboost classéHigthe object
localization mechanism while replacing old or uiziele weak
classifiers to cope with changes in the appeararicéhe
object. In [12], Liu et al. proposed a semi-supsedi ensemble
tracking approach, where the particle filter franoelvwas
used for both object localization and collectionusilabeled
data points used to train an Ensemble classifier[2P2],

feature representation and thus offers a widereaaigptions
depending on the computational constraints ancatiweiracy
requirements.

A key decision in the design of an object trackahgprithm
is the type of representation to be used. Histthyicaarious
types of low level features have been considerebjecd
representation via raw pixel intensities is progatthe
simplest approach and the most efficient one imseiof
computational complexity. However, changes in ilination
can drastically change the representation of aeabhyhich

OBJECT REPRESENTATION

Grabner et al. proposed an online tracking methoat t 5y cause the tracker to fail. To resolve this [ewoh

employed an online Adaboost classifier to train inaty

classifier as new samples were presented. The e“ai“regions

classifier was subsequently applied for objectliaation. The
method was later extended in a semi-superviseithgétt [13]

using the SemiBoosting framework, where labeledrglas

were obtained from the first frame and subsequraimgles
were incorporated in a semi-supervised manner. 2, [
Babenko et al. further extended the use of onkaening for
tracking by utilizing the Multiple Instance Leargin
framework, where instead of using a single posigxample
for the online Adaboost classifier, a set of imagéches were
introduced to capture the appearance of the object.

The utilization of online learned binary classifiefor
inferring the presence or absence of the objeet éandidate
window has been shown to outperform traditionallirodf
generative approaches in various challenging s@narhe
proposed tracking algorithm is motivated by the irgal
discriminative framework, and employs an onlinerméaagy
approach for modeling the object’s appearancettitides the
issues present in the offline approaches. In adita case-
specific online learned distance metric is utilizecaccurately
model the association between the object's appeesaat
different time instances. The proposed trackingdigm is
similar to online learned binary classification eggches but
does not impose the hard constraint of binary dmtss We
argue that this type of hard decisions can leadrift, since
the binary classifier would be forced to accept enwbrporate
the appearance of the object even if it is not piin@l one,
e.g. when the object is partially occluded or t#drdue to fast
motion. By utilizing a soft, distance-based -clasaiion
metric, the proposed scheme can better model theges in
the object’'s appearance and continuously track dbject,
even if it is partially occluded, without adversehodifying
the appearance model which can lead to drift. Ilditanh to
overcoming the drift problem, the learned distacee be used
to compare the similarity between examples in #mapiate
library with the current object’'s appearance andate the
library correspondingly. Boosting-like approachbeswever,
can utilize only the appearance of the object i phevious
frame, which limits their ability to generate a wsb and
enduring object model. Furthermore, unlike therietsbn of
simple binary features used in boosting based agpes, our
proposed algorithm can incorporate any form of eezable

different approaches have been presented that enowabe
using color histograms [1], spatio-temporal
appearance models [24] and part-based appearandelamo
[25]. In this work we employ the Scale Invariantakge
Transform (SIFT) [23] over a regular grid to obtée initial
representation of each candidate window. Once tfigali
feature representation is obtained, we apply a aline
dimensionality reduction transform to reduce the
computational complexity of object localization adidtance
metric learning.

A. SIFT descriptorson aregular grid

The SIFT method is particularly successful for agting
features that are invariant to small changes indhject’s
appearance including scale and orientation and been
successfully applied in recent state-of-the-arttesys for
image classification [27, 33] etc. It has also basad as an
extension of traditional color histogram represtotes for
mean shift tracking in [29].

The first stage of SIFT is the keypoints localiaati
Keypoints correspond to maxima/minima of the Difece of
Gaussians (DoG) occurring at multiple stages. AReme
intermediate steps, such as removing keypoints Wtk
contrast, eliminating responses along edges arngnasg the
appropriate orientations, the selected region &riileed by a
128 dimensional vector corresponding to a histograim
oriented gradients. Even though experimental ressiiggest
that the keypoints are stable, recent studies shesvn that
obtaining the SIFT points on a regular grid carpedbrm the
keypoints obtained by the DoG [26]. In additione ghrocess
of extracting the descriptors can be significarattcelerated
by using a piecewise-flat weighting approach, nattian a
Gaussian windowing function, as discussed in [3@bre
specifically, instead of weighting the contributiasf the
extracted gradients based on a Gaussian windowinctién,
the gradients are all weighted equally. Once al ghadients
have been accumulated into a spatial bin, theshieweighted
by a Gaussian filter. This type of approximatiorcurs a
minimum loss while being significantly faster. Inuro
implementation, for each 50x50 pixel target wind@SIFT
descriptors are extracted using the VLFeat featteaction
library [30], resulting in a 9 x 128=1152 dimensbn



representation of the appearance of the window. grbeess
of extracting the 1152 dimensional vector takesuaidmsecs
using the VLFeat library on a desktop computer.

B. Random Projections

The high dimensional representation of each imaggon
that
significantly reduce the processing speed of thstesy due to
the complexity of object localization and distarlearning.
Dimensionality reduction may be used to

information intact. The benefit of dimensionaligduction is
that the execution of algorithms that depend ordiheensions
of their input data, such as DML, can be signifiban
decreased.

In this work, we propose the use of a novel apgroac
dimensionality reduction, called Random ProjectigR$s).
RPs is a linear technique for dimensionality reuctbased
on the Johnson-Lindenstrauss (JL) lemma [35]. Fbyimide
JL lemma states that for a finite collection ofqisiQ in R®
with fixed0 < € < 1 andg > 0, when

4+ 2P ) In#Q
k> In (#Q) = O
(o5 (%)

then a random matrixR € R**¢, where k <d, whose
elements are drown i.i.d. from a zero mean, boundeidnce
distribution satisfies

)

Ry|l>

(1-9)
—}’Ilz

/d— <(1+9

kK, @
for every elementx,y € Q with probability exceeding
1— (#Q)™A.
normal distribution where each elements of R follow
1;j~N(0,1). In addition,

distribution
1 with probability 1/6

0 with probability 2/3
—1 with probability 1/6

r; =3 3

The distribution in Eqg. (3) is notably efficientinee it
discards 2/3 of the data that correspond to midtfibns by
zero. Furthermore, it can be implemented usingdfipeint
arithmetic operations consisting of only additiorsd
subtractions if the scaling coefficient is factomd.

Compared to traditional dimensionality
approaches such as principal components analySia)(Rhe
major benefit of RPs is the universality, i.e. tk@me RP
matrix can be used without the need for trainingedlaon
statistics, as is done is PCA. The fact that RPsatarequire
training is of particular importance, given thanmost tracking
scenarios a model of the object we wish to traclk mat be
available beforehand. In the context of tracking, apply the

in [28] it was shown that thefrom Eq.
elementsr;; of R can be drawn ii.d. from the following extensively

RPs method at each candidate window after the dSHSE
descriptors are extracted, thereby reducing itsedsionality
from 1152 to 300 dimensions. This reduction

computationally efficient to apply, since it onlgquires a
matrix multiplication but offers significant comgtional
savings.

is

is generated by the dense SIFT descriptors can

IV. DISTANCEMETRIC LEARNING (DML)

The distance between two vectors is often measuset)
e Euclidean distance or the inner product. Reoesearch
in the field of pattern classification has showmttlising a
more appropriate distance metric can significarmtiyprove
results. In supervised DML, the objective is torfea new
distance that will satisfy the pairwise constraimgposed by
class label information. The new distance metrian dz
expressed as either a Mahalanobis-like distance or
equivalently as a linear transformation of the inmlata.
Formally, the distance between two data poinendy € R"
is given by

reduce the
computational load while keeping the most |mportanﬁ1

de(x,y) = llx = ylIg = (x = »)"G(x = ) 4)
where G € R™" is the distance metric. Alternatively, the
matrix G can be decomposed @s= LTL in which case Eq. (4)
becomes

T
dg(x,y) = (L(x —y)) Llx — ). ®)
The new distance is given by the Euclidean distarfdbde
data projected into thie subspace. The matrixis required to
be positive semidefinite to guarantee that the distance will
satisfy the requirements for a metric, i.e. nonatiegy,

An example of this type of distribution is thesymmetry, and triangle inequality.

DML is closely related to subspace learning, aslseen
(5). Subspace learning techniques haven bee

used in object tracking: for example,
Eigentracking [6] applies principal components gsial
(PCA) of the training data to identify a subspabattis
subsequently utilized in tracking; linear discrimuimt analysis
(LDA) [7] estimates a subspace that can both desctie data
and provide discriminating information. However,
eigentracking is an unsupervised method, i.e. ésdoot take
class information into consideration, while the ewsed
LDA assumes that each class has a similar wittaescl
distribution, which may not be true in all cases.

DML is primarily concerned with identifying a
transformation that is optimized for classificatidn general

reductiorihere are two non-exclusive approaches in DML, irodflor

batch processing and online. In offline processitige
underlying assumption is that all training datanp®iand their
corresponding labels are available during trainiimyonline
approaches, the assumption is that a single exangple
presented at each step, and the distance metmodified so
that it remains consistent with the previous exa&as@nd also
satisfies the newly presented example.



One of the earliest approaches that explicitly ukised
learning a distance function for classification an offline
fashion was proposed in [5], where distance még&aening
was formulated as a constrained convex optimizagiioblem.
More recent approaches fall into the category chldML
and attempt to learn a distance metric that witisfa the
constraints in a local region around each datatpogtead of
all pairwise constraints. Local DML approaches @asier to
handle and are directly related to the local natdithe nearest
neighbor classifier. Examples of local DML includbe
Neighborhood Component Analysis [8],
Collapsing Classes [9],
Neighbors [4].

In this paper, we utilize a recently proposed metliar
local DML called Information Theoretic Metric Leang
(ITML) [10]. In ITML, given an initial estimate ofthe
Mahalanobis distance matri&,, the objective is to identify a
new Mahalanobis matrix, G that will meet two coastts; it
will be similar (in a KL divergence sense) to thegmal
distance matrix and it will satisfy the class labebnstraints.
Assuming that each distance matiix corresponds to the
inverse of the covariance matrix of an unknown matiate
Gaussian distribution given by

1 1
p(x; Q) = Zexp(—5 (x — WTGx =)

1 1 (6)
= Eexp(—zdc(x, w)

The solution of the problem is found by a LogDet
optimization. In [10], the authors introduced apprate slack
variables into the formulation for the case wher #xact
solution is not feasible due to unsatisfied coistsa A major
benefit of the ITML method is that is does not riegithe
expensive  eigen-decomposition and thus is more
computationally efficient.

In addition to offline algorithms, various online ML
approaches have been presented. One of the eartiestwas
the POLA algorithm [31] that optimize a large-margi

the Multipleobjective. However, the algorithm required an eigstor
and the Large Margin Nearesomputation at each iteration, which can be slopriactice.

Another approach is the recently proposed LogDe&cEx
Gradient Online (LEGO) [11] algorithm. Given two cters
u, andv, with distancedg, (u,v,) = . and the target distance
v, the LEGO algorithm updates the distance by mirimgj

Giyq = arg rél;(r)l D(G, Gy) + nt(dg(ur, ve), yr) (20)
where D(G,G,) is a regularization function,y is a

regularization parameter a#dy,, y;) is the loss between the
target distancg, and the predicted distangg. The solution
to the minimization problem is given by:

_ ny — Yt)GtZtZ;FGt
1+nF - yt)ZthZt

(11)

Gep1 = Gy

where z; = u, —v, and y =dg,,,(u,v). The estimated

wherep is the mean and Z is a normalization constant, thfistancey is found by

Kullback—Leibler (KL) divergence can be employed as
robust metric of the correspondence between theGaussian
distributionsG andG,, and is given by:

KL(p(x; Go) Il p(x; G))

- f p(x; Go)log P2 50)

p(x; G)

i D

The second objective of ITML is to satisfy the elas
constraints, i.e. bring elements from the samesatésser and
move elements from different classes far apart. éx@ample,
let x;, x,, andx; be three vectors that belong to two clagges
andC, such thafx,, x,} € C; and{x;} € C,. The objective of
a DML algorithm, and ITML in this case, is to idénta new
distance matrixG such that the new distance metrg
preserves the relationshipsl;(x,, x,) < dg(xy,x3) and
dg(x1,%2) < dg(xz,x3).

Formally, the objective of ITML is to find the disice
matrix G so that:

min KL(p(x; Go) 1l p(x; G)) (8)
subject to
de(x,y) < iflabel(x) = label(y) ©)

dg(x,y) = u iflabel(x) # label(y)

n9:ye — 1+ 9y — 1)2 + 4nP?

L. (12)
2ny,

}_]:

V. DISTANCE METRICLEARNING FOROBJECTTRACKING

In this paper, we propose the use of batch anchemML
for object tracking. To achieve this goal, we modieé
tracking problem as a binary classification prohlérhe first
class includes visual examples of the object's appee
collected during tracking, while the second classludes
visual examples of the background. The processioglipe of
the DML for tracking is shown in Figure 1, where throblem
of tracking is translated to that of binary clasifion. The
two classes are the object and the background slowed
and green boxes in the figure.

The background class is populated by regions télatly to
the background and are spatially close to the ¢bjémcation,
while the object class is populated by regions @ioitig the
object at various time instances. Each region ésgmted as a
point in some high dimensional feature space. Ideale
would like the points corresponding to the backgto be
well separated from the points corresponding to dbgect.
However, this may not be the case. We deal withigsue by
applying a distance learning algorithm which prastua better
separation between the background and the objexdioRs



that belong to the object class collected from ausitime
instances are grouped in the template library aiogrto the
template update strategy. Using the learned distamc the
template library, the localization of the objectamew frame
is achieved by locating the region that achieves gmallest
distance with the template library.

Framet

Freme !,

Feature extraction T Lacalization

Distance Learning
—
Template
Likrary

Figure 1: Example demonstrating distance learramgbject tracking

in the new frame will be near its location in theyjous
frame, so that, in most cases, only a small retias to be
searched. This is fortunate, as exhaustively sesydhe full
image for a region that exhibits high similarity tivithe
tracked object is computationally demanding, andn&
suitable for a resource constrained system.

In this work, we employ an iterative search methisthg
the learned distance to localize the object inva fiame. The
search pattern is initialized at the location af tibject in the
previous frame. For each region in the search ipattdne
distance between the template library and the septtation of
the region is estimated and the region correspgnttinthe
smallest distance is found. If this region is a ttentre, it
means the best possible location is found. Otherwike
search pattern is realigned and the search costiritigure 2
displays the pattern of locations that are searcite@ach
iteration. Each point corresponds to the centra clndidate
search region with the same size as the targebmede
selected this type of search pattern because higgmapling
rate near that centre can lead to more accuratdiZation,

The proposed tracking algorithm, termed DMLTrackingwhile lower sampling rate further away from the tcercan

utilizes both offline and online distance metri@aneing to
learn the appearance of the object and differenttavith the
appearance of the background. During initializatianbatch
DML approach, the ITML, is employed to get a dis&n
metric that is consistent with the initial appeaarof the
object and the background. In other words,
bootstrapping, the objective is to learn a distamegric that
will produce small distances (more similar) betwete
appearances of the object in the first few framdsle it will
create large distances (less similar) between ppearances
of the object and the background. Once the inddion is
complete, we utilize an online DML algorithm, th&&O, to
incrementally update the distance so that it remaonsistent
with the evolving appearance of both the object el
background.

The use of the ITML and the LEGO algorithms fortaise
learning offers three significant benefits with pest to the
requirements of tracking. First, both algorithms$roduce a
term that enforces themoothness in the variability of the
learned distance matrix. This is especially imputrfar online
learning since we expect that the variation in tigect's
appearance will be smooth and therefore the leadistdnce
would not significantly change in successive framés
addition, the ITML and the LEGO algorithms are desd
based on thdarge margin property. This property is well
suited for tracking, especially in the applicatiohITML as
bootstrapping, since we expect changes in the tibjand
background’'s appearance to take place. Introdueirigrge
margin
background as part of the object or vice versat,lths LEGO

during 2

reduces the probability of misclassifyinge th

support faster object motion with lower complexity.

5 5+ 2 0 2 4 & =8
Figure 2: Region search pattern

Given the object’s appearance at time 1 and spatial
locationX, the object’s representation (SIFT over regulad gr
and random projections) is given ky — 1,X). The objective
of the template matching mechanism is to estimiage ntew
object locationt given by

X =

X+4X = min min dg(I(t, X + 4X),M,)

X+A4X€S i={1...p}

(13)

where M; for i = {1...p} is the template libraryd; is the
learned distance anfl is the search pattern. We discuss the
design of the template library in Section 5.3.

B. Distance Metric Update

In this work we employ a learned distance to edtrihe
new location of the object in Eq. (13). We considbe

has low complexity, a vital trade for a real-time tracking scenario where the object’s characteristics areknotvn a-

algorithm.

A. Object Localization
Under the smooth motion assumption, the objectation

priori. As such, we cannot train a DML algorithmfliofe.

However, relying solely on incrementally learnindgpet
appropriate distance can lead to drift. We tackls problem
by following a hybrid approach. We use Eq. (13)hwiit any



learned distance metric (i.e. matrix corresponds to the
identity matrix) for the first few frames (4 in thicase) to
collect
background. Once the baseline representations dlected,
we run the ITML algorithm to learn the object-sfieci
distance metric as well as the corresponding tlotdsh as

shown in Eq. (8) and Eqg. (9). This type of bootstra

initialization offers two major benefits.

First, during the bootstrapping process, we asstinaiethe
appearance of the object and the appearance batheground
remain relatively stationary for the first few fram and
therefore we can apply a batch DML algorithm toaiita
reliable estimate of the object’s and backgroumrgipearance.
Second, in addition to modeling the appearancéefobject
and the background, we also obtain the distancegecka all
examples from the same class and the distancexzéetall
the examples from different classes. We denotfeim&q. (9),
the maximum allowable distance between elements fitwe

a baseline appearance of the object and thearned during bootstrapping and

whereu is the threshold in Eq. (9) aris an arbitrary high
valued constant. In this work, the distance thrieshare

remain static nduri
tracking.

C. Template Library Update

To keep the template library up-to-date with
appearances of the object, it should be updateckphacing
old templates with new ones. One of the benefitugihg
DML is that distances corresponding to similar téate
elements and can be used to predict if and howeimplate
library should be updated. When a new frame isgmtesl, the
element with the highest distance is replaced \lith new
one. Formally, let

the

s = mindg A, my (16)

same class and in Eq. (9) the minimum allowable distancebe the minimum distance between the object’s appear at

between elements from different classes. In ouesnEnts,
we selected the threshold to be 95% of the maximum
distance between examples from the same class:dndbe
5% of the minimum distance between examples frdferdint
classes. These values are used as thresholds amd
subsequently be used to identify occlusions andleguhe
distance metric update strategy. Alternativelyrifestimate of
the object’s appearance is available beforehanch s the
case of face tracking, we can obtain initial estamaof the
learned distance and threshold by training the Dadjorithm
offline using numerous visual examples.

In both cases, the offline and the bootstrap, #erned
distance should be updated to incorporate changethe
object’s appearance. Following the previous notaii¢X; t) is
the representation of the image region that costtia object,
M={M;|i=1..m} is the template library and(X;;t),

the estimated location¥ and template library elements
M={M;|i=1..m}. We can identify occlusion by
comparing this distance with the threshold for thimimum
allowable distance u between the object and th&draand.
I$3s, > u, then we can infer that the new location contains
something that is more similar to the backgrounantlthe
object, which is indicative of occlusion. $f < u, then the
window probably contains the object and thereférean be
used as an example for the template library.

To update the template library, we first have toide if the
new appearance is informative enough to be includeithe
library. A new appearance is considered a candiftatehe
template library ifs, > s,_,, i.e. if the similarity between the
appearance of the object in the current frame aaegkamples
in the template library is less than the simila@ighieved in
the previous frame. If this assertion holds, thHea template

wherej = {1, ...c}, are representations of the image regionglement that achieves the smallest distance (niwsiag) to
that are close to the pFEViOUS locatidmut do not contain the the Object’s current appearance is rep]aced with nlew

object (background regions). The objective of omltistance appearance. The proposed update mechanism is teokiis

metric learning is to update the distance makixo the new
distance matrix;,, so that

dg,,, (X0, M) « dg, (1(X;0), M) (14)
and
ey, (T(X; 0,7(X;; t)) » dg, (T(X; 0,7(X;; t)) (15)

In the context of tracking, we identified two typesé
distances that have to be updated. The first otteeiglistance
between the current object appearance and the elerokthe

the fact that a template element that is very simib the
object’s current appearance carries little infoiorgtwhereas
a template element with higher distance is morerinftive.
By maintaining a small number of template examplestead
of a single previous one, we ensure that if theeapmce of
the object suddenly changes in a frame and themn®to the
original one, at least one template element willcbasistent
with the original object appearance and therefoite net be
evicted from the template library during update.

D. Overview of the proposed tracking algorithm
In this section we provide an algorithmic descdptof the

template library. This distance should be as samlpossible, proposed tracking method. The algorithm consiststved
ie. dGm(T(X; t),M) ~ €. The second type is the distanceparts; the bootstrapping process and the trackiraress.
between the current object appearance and the buigly Bootstrapping is the initialization of the objectisodel given
background regionKX;; t) that do not contain the object. ThisitS appearance in the first few frames and is desdrby the

R . following steps:
distance should be large, i, (I(X; t),](X]-;t)) =u+4, gsiep



Output: Object locationX, updated distance metriG,,,,

Algorithm 1: Bootstrapping process

updated template librai,,

Input: Initial object location from first n frames

1.

Collect image windows from the same locatibh= VI. EXPERIMENTAL RESULTS

{If,..,I;} (positive samples) and windows around the A series of experiments were conducted to evaltiage
location I~ = {I7,..,I;} (negative samples) from first n tracking accuracy of the proposed system. For a#t t
frames using Eq. (13) witd = [, wherel is the identity sequences, the same set of parameters was usedhd.e

matrix.

system parameters were not adjusted for each \@egoence,

2. Perform feature extraction on the collected samptes which corresponds to a more realistic scenario ianghore

obtainf/* andf~

challenging. Regarding object localization, we izgidl the

3. Run batch distance metric learning (ITML) such thagearch pattern shown in Figure 2 in an iterativealiaation
de(I*,17) = dg(I*,1*) for all examples positive and process. Each candidate image region was resiz&®x60

negative examples

Output: Distance matri&, thresholdg andu

During the bootstrapping process, it is assumed tie
object’'s appearance will remain relatively the saime the
first few frames (4 in our experiments), given ligation in
the first frame and therefore applying Eq. (13)hwihe
identity matrix will not result in misclassificatio In our
experimental results, this assumption did not caasg
instability to the ITML. During runtime, for eachew frame,
object localization and model update are achievambraling
to the following process:

Algorithm 2: Tracking process
Input:  Object location, distance metfig, thresholdd and
u, template libraryMm,

1. Collect candidate windows using the search patfem
previous locatior(t, X + 4X)
1.1. Perform feature extraction to get, X + 4X)

pixels and 9 SIFT descriptors were extracted. TH&21
dimensional representation of the window was reduoe300
dimensions using the RPs methods. In order to mlataiinitial
model of the object and the background, the firdradnes
were collected and the object’s location was ex@asing an
identity matrix as the distance matrix. In additidar each
frame eight regions of background were collectezliad the
estimated location of the object in eight spatiaigjacent
locations at the following orientations: 0°, 4590°9 135°,
180°, 225°, 270° and 315°. For the bootstrappimg¢ss, the
ITML was applied with a gamma value set to 10 ahd t
number of neighbours set to 5. To maintain a rich
representation of the object’'s appearance, 4 tdegpleere
used from previous time instances. These templatese
updated only if the newly obtained object represion was
below the appropriate threshold. The same threshakiused
to update the learned distances using the LEGOridign
The learning parametey of the LEGO algorithm was set to
0.6 for learning the object’s appearance and Orllefarning
the background’s appearance. Updating the tem/ilatzry
and the learned distance on every frame, our Matlab
implementation currently operates at around 5 fps idual

1.2. Measure the distance to all the elements from, e desktop computer.
template libraryMand return the one that achieved The opjective of the experiments was to compare the

the smallest distancg

2. If the window that achieves the distanse does not
correspond to the central region of the searchepstt
update location and return to step 1, otherwise

3. Set new object location equal to the location ef ¢kntral
region and calculate the distance with the
library examples using Eq. (16)

4. |If distances; < u, whereu is a threshold
4.1. Collect negative exampleg™ (around object’s

location) and positive examplét (the window

containing the object)

Update distance metric mati@x, ; using Eq. (10)

If s;>s; 1, update template library tdl.., by

4.2.
4.3.

performance of the proposed DMLTracking algorithrithw
state-of-the-art object tracking algorithms in &b@ding
scenarios. The experiments were carried out usirgiqally
available video sequences. The video sequencesnsliow
Figures 3-10 are called “Coke Can”, “Coupon”, “Sadter”,

teteplasTiger 27, “David’, “Girl”, “Face occluded” and “Fee

occluded 2" and where download from [32], while the
sequence “Car chasing” in Figure 11 was downlodteoh
Google videos. This set of video sequences represen
challenging scenarios for an object tracking attyoni due to

the significant variations of the object’s and treckground’s
appearance. The sequences in Figures 6, 9, 10 and 1
investigate the trackers' ability to maintain aetertracking

removing the most similar element (smallesivhen severe occlusions take place. The occlusibawrs in
distance) according to the updated distance metiifese sequences can confuse online trackers sotlkat

Get1-
5. If distances; > u

occluding object, instead of the actual objectndeled and
tracked, which causes drift. The sequences showkigares

5.1. Setthe object as lost/occluded and stop the update3, 5, 6, 7, 8, 10 and 11 evaluate the ability &f ttacker to



maintain an accurate object mod#espite temporary ar
permanent changes in appearance. For exampleetjuersce
in Figure 7 shows a person walking while changirggdose
removing his glasses and changing expression. A&ndtfpe
of obstacle that a tracker must overcome is thatimilarly
looking objects that are part of the backgroundar@bteristic
examples of this type of challenge are shown iuieg 4 ant
11. Finally, dramatic changes in illumination, Bus the one
shown in Figures 5 and 11, can also create confuio:
tracker. We note that we explored generic objeatking, as
opposed to specific objects such as human faceskihg a
generic object is far more challenging than a djme
predefined one, since the lack of a prior model esathe
identification of @clusions and changes in appearance
challenging. The performance of the DMLTrackingaalthm
(shown using red solid lines) was compared with $tate-of-
theart online tracking algorithms, the Sesupervised On-
line boosting (SemiBoost) [13] (shovwusing green d-dashed
lines) and the Multiple Instance Learning trackiMjLTrack)
[21] (shown using blue doublashed lines!

The first sequence, called “Coke Can” (Figure 3gmines
the case of tracking a rigid object that undergdesnges it
appearance and illumination in a cluttered scene. dffenge:
in appearance are due to the rotation of the olgead the
illumination changes are caused by moving underexdight
source. We observe that the DMLTracker is able &ntain
an accurate #éicking in contrast to the Semiboost tracking
looses the object in several frames. The MILTraddrieves
similar performance.

Figure 3: “Coke Can” Sequence. A Coke can is shawra clutterec
background while it undergoes changes in appeardne to out-of-plane
rotations and changes in illumination caused bydihexct light sourc

The second sequence, called the “Coupon Book” (Eig,
examines the case where the object undergoes aapent
change in appearance while a similarly looking ct is also
present in the scene. This example illustratesatildy of the
tracker to update the appearance model of the plaed
separate the tracked object from another objedt wiitnilar
initial appearance.

We observe that the DMLTracker corre updates the

appearance of the object and does not become euhhysthe
similarly looking object. Similar results are ewudefor the
MILTracker. The Semiboost tracker on the other hdndds
an initial model from the first frame and is noteato adipt to
the new appearance with causes the tracker to dockhe
similar object and not the tracked ob

Figure 4: “Coupon” Sequence. A booklet is trackelilevit changes it
appearance (folding) and a new object with simélppearance is introduc
in the scene.

The “Sylvester” sequence (Figure 5) examines tliiyabf
the tracker to maintain accurate tracking in lomguence
(1300 frames) while going through changes in appeze dus
to pose and illumination. The object is a toy adirtet i<
initially presented under a direct light sour

Figure 5: “Sylvester” Sequence. A toy animal is whomoving unde
significant illumination changes caused by dire@hti source while
significantly changing appearance due tc-of-plane rotation.

We observe that during the duration of the trackitig
object changes appearance due to rotation whileirgow
and out of the direct light source, which causemificant
changes in appearance. Furthermore, the objecvwnigin a
cluttered sceneand this makes the tracking even m
challenging. We observe that the DMLTracker cotyettacks
the object despite the challenging conditions aoHiewves



similar performance with the MILTracker. The Senubt
tracker also maintains tracking; howeve provides lower
localization accuracy.

The “Tiger 2” (Figure 6) sequence presents the edssre
the object suffers severe occlusions while chan
appearance. More specifically, a toy animal is shomoving
behind a plant. The clutterefbregrounds, inaddition to
changes in appearance of the object, c very challenging
conditions. We observe that the Semiboost Tracksed the
object in many frames and locks on to a regionlainio the
region that causes the occlusion. The DMLTrackdieaes
higher accuracy, but it eventually suffers from daiftthe enc
of the sequence. The drift is caused by the irtgbdf the
DMLTracker to accurately model the object undermalésible
occlusion conditions. In this scenario, the MILTkeac
achieves the best results.

Figure 6: “Tiger 2" Sequence. A toy animal is tradkwhile it is partially
occluded by a plant and changing appearance.

The next sequence, called “David Indoor” (Figure
studies the case of realistic face tracking. Tloe fandergoe
several changes in appearance due to illuminatioanghs ir
pose, and permanent appearance changes (glassess.
specifically, the person enters the scene from &k daom
which immediately creates a challenge with resptx
illumination robustness. Sabquently the face undergc
changes in size, viewpoint and appearance (gla:

In this sequence, the DMLTracker achieves the silts
with much higher localization accuracy comparedath the
MILTracker and the Semiboost Tracker. The incre:
performance is a consequence of the double modelte
mechanism via the updates in the distance metrit the
updates in the template library. The Semiboostkeaoften
fails to update the appearance and drifts, while
MILTracker is more stable but ess accurate
DMLTracker.

A similar scaario is examined in the “Girl” (Figure !
sequence with more challenging changes in the agpesa of
the face due to the out-pfane rotation, changes in scale i
the presence of another similarly looking objette(tman’s
face). The DMLTracker is abldo update the object

than
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appearance model without suffering drift. The MIatker
and the Semiboost tracker maintain tracking, howeliey
exhibit lower accuracy and in one instance (frar@8)4the
Semiboost tracker is confused by the other f

Figure 7: “David Indoor” Sequence. A face trackiseguence is present
where the face is shown in different scales, fraffeidnt viewpoints ani
under different appearances e.g. expressions asdey

Figure 8: “Girl” Sequence. A face is tracked while chiaggappearance ar
being occluded by another face

The previous sequences examined the behavior o
proposed tracking algorithm, as well as <of-the-art
tracking algorithm in scenarios where theect undergoes
severe changes in appearance, usually due t-of-plane
rotations and illumination changes. In the next sequence:
we examine the behavior of these algorithms whenifstant
occlusions take placelhe “Face occluded” (Figure 9) a
“Face occluded 2” (Figure 10) sequences preserdtigitis of
face tracking under partial and complete occlusiofise
“Face occluded” sequence is less challenging than‘face
occluded 27, since the appearance of the face doeshange
during the sequence.

We observe that all three algorithms correctly rteamthe
tracking without drifting. We note, however, thahe



difference in localization accuracy presented ibl&dl is due
to the unclear nature of ground truth in this seqee In othe
words, he tracking window may move to cover most of
object that is visible or it may wait until the ebj is visible
again. The DMLTracker and the MiILTracker follow 1
former approach, while the Semiboost follows thétek
approach which causes the apparérconsistency in th
localization results.

Figure 9: “Face Occluded” Sequence. An occluidee is tracke.

In addition to overcoming the drift problem, t
DMLTracker is able to report significant. This ishéeved
because the current view of tbbject starts to become mc
similar to the background and thus its distancé Wit rest o
the template library examples starts to exceeds#mee clas
threshold.

The problems caused by occlusion are more evidettd
second sequence shown in FiguO, calle “Face occluded
2", where the object undergoes changes in appearar
addition to undergoing occlusions.

Figure 10: “Face Occluded 2" Sequenéeface is tracked while undergoil
occlusions with significant variations in appeamnc
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In this scenario, the optimum behavior for a traciseto
update the model when the face changes appeanausén(
the head, adding thénat) while being able to identi
occlusions and stop updating the model beforelses drift.
In this scenario the DMLTracker achieves superiusacy
compared to both the MILTracker and the SemibooatKer

The last case we explore involves tracking an aljeen a

moving camera under challenging illumination changad
occlusion. This scenario is presented in Figll, where a car
is followed by a helicopter mounted camera whilis inoving
on a highway.
As we can see, the car undergoes severe illumm
conditions, as shown in the second image on thedap as
well as occlusions. We observe that the proposacking
scheme (shown in red) is able to handle the demgi
requirements and maintain accurate tracking. On dtter
hand, both the MILtracker (in green) and the Serm&din
blue) fail to maintain tracking. The MILtracker l&ito follow
the car whentigoes under the traffic signs and comple
loses the object afterwards. Semiboost is morestlsince i
handles the first complete occlusion, but suffeosnfdrift that
eventually causes complete failure of the trackening) the
second occlusion.

Figure 11: “Car chasing” Sequence. A car is trackddle moving at higt
speed close to other similarly looking cars andesinfg occlusions by th
traffic signs.

To supplement the results shown in Figure-11 we
provide Table 1 with the localizati accuracy of four state-of-
the-art object tracking algorithms as well as the psgubone
These algorithms include the Online AdaBoost (OABker
[22], the SemiBoost tracker [13], the FragmentseHasackel
(FragTrack) [34] and the MILTracker [21The results in the
table correspond to mean distance in pixels betwseicente
of the tracking window and the center of the groundh
window after 5 independent trials. The best perfomoe is
indicated by a smaller number corresponding toetlosatcl
between the predicted center and the ground tertkec. The
results marked in red indicate the best performaaru the
ones in green correspond to the second best. Wan@bthai
the proposed algorithm, the DMLTracking, achieves bes
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performance in six out of nine sequences and tbensebest algorithm is robust to changes in pose and illutidms and
in two others. The accuracy in the “Coke Can” imparable occlusions and achieves performance comparabléate-sf-
to the SemiBoost tracker and significantly bettkant the the-art tracking algorithms.

MILTracker. In the sequences “Coupon”, “David” and

“Occluded Face 2", the DMLTracking algorithm outfoems

all other algorithms by a large margin, while irethCar ACKNOWLEDGMENT
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