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Abstract

Visual tracking, in essence, deals with non-stationary image streamshtdnage over time. While most existing
algorithms are able to track objects well in controlled environments, thegllydail in the presence of signi cant
variation of the object's appearance or surrounding illumination. Orsoretor such failures is that many algorithms
employ xed appearance models of the target. Such models are trasimegl enly appearance data available before
tracking begins, which in practice limits the range of appearances thataelled, and ignores the large volume of
information (such as shape changes or speci c lighting conditions) #atrbes available during tracking. In this
paper, we present a tracking method that incrementally learns a lowsiomal subspace representation, ef ciently
adapting online to changes in the appearance of the target. The modeéupdsed on incremental algorithms
for principal component analysis, includes two important features:ethod for correctly updating the sample
mean, and a forgetting factor to ensure less modelling power is expettidgdolder observations. Both of these
features contribute measurably to improving overall tracking perfoo@aNumerous experiments demonstrate the
effectiveness of the proposed tracking algorithm in indoor and outlodronments where the target objects undergo
large changes in pose, scale, and illumination.

Index Terms: Visual tracking, subspace update, online algorithmsptdamethods, particle Iter, illumination.



1. Introduction

Visual tracking essentially deals with non-stationaryegiabth the target object and the background, that change ove
time. Most existing algorithms are able to track objectthegi previously viewed or not, in short durations and in
well controlled environments. However these algorithmsallg fail to observe the object motion or have signi cant
drift after some period of time, due to drastic change in thged's appearance or large lighting variation in its
surroundings. Although such situations can be amelionattttrecourse to richer representations, effective préatic
schemes or combination, most algorithms typically opevatthe premise that the model of the target object does not
change drastically over time. Examples abound, ranging fepresentation methods based on view-based appearance
models, [6], contours [16], parametric templates of geoyreetd illumination [12], integration of shape and color,[4]
mixture models [5], 3D models [19], exemplars [32], foragnd/background models [15] templates with updating
[24]; prediction schemes using particle Iters [16], jointobabilistic data association Iters [28], kernel-baskers

[8] [10], support vector machines [2] [34] and variationaddrence [33]. These algorithms usually build or learn a
model of the target object rst and then use it for trackingthout adapting the model to account for changes in the
appearance of the object, e.g., large variation of posecaalfaxpression, or the surroundings, e.qg., lighting \ana
Furthermore, it is assumed that all images are acquiredavittationary camera. Such an approach, in our view, is
prone to performance instability, thus needs to be adddesken building a robust visual tracker.

The chief challenge of visual tracking can be attributedhi® dif culty in handling the appearance variability
of a target object. Intrinsic appearance variability imtda pose variation and shape deformation,whereas egtrinsi
illumination change, camera motion, camera viewpoint, aoglusions inevitably cause large appearance variation.
Due to the nature of the tracking problem, it is imperativedf@obust algorithm to model such appearance variation.

In this paper we propose a methdtiat, during visual tracking, ef ciently learns and updatelow dimensional
subspace representation of the target object. The advemtdghis adaptive subspace representation are sevatal fol
The subspace representation provides a compact notiore dthing” being tracked rather than treating the target
as a set of independent pixels, i.e., “stuff” [1], and fdaties object recognition. An ef cient incremental method
continually updates the subspace model to re ect changeppearance caused by intrinsic and extrinsic factors,
thereby facilitating the tracking process. Incrementalpdating the subspace removes the of ine learning phase
required by other eigentrackers, allowing one to track csjéor which a database of training images is not even
available. To estimate the locations of the target objettsonsecutive frames, we use a sampling algorithm with
likelihood estimates, which is in contrast to other tragkinethods that usually solve complex optimization problems
using gradient descent. Furthermore, while numerous ithgas operate under the assumption that there there is no
camera motion, our method is able to track objects withagtabnstraint.

The remaining part of this paper is organized as follows. \&@girh in the next section, by reviewing the most
relevant algorithms that motivated this work. The detafloor algorithm are described in Section 3., where we
propose an ef cient incremental subspace method with a ragdate and forgetting factor, followed by an effective
tracking algorithm. The results of numerous experiment$ performance evaluation are presented in Section 4..
We conclude this paper with remarks on potential extensionguture work. The data, source code, and videos
corresponding to this work can all be founchép://www.cs.toronto.edu/ dross/ivt/

2. Related Work and Motivation

There is a rich literature in visual tracking and a thorougdtdssion on this topic is beyond the scope of this paper.
In this section we review only the most relevant visual tragkwork, focusing on algorithms that operate directly
on grayscale images. We contrast our method with these etinoterms of their representation scheme, target
prediction approach, and their ability to handle changeékumination as well as appearance.

Visual tracking problems have conventionally been forrmadaas prediction tasks within which xed templates
and optical ow techniques are utilized to estimate the imotf a target object [23]. Such approaches do not take
the appearance variability into consideration, and thutopa well only over short periods of time. To enhance the
robustness of such object trackers, Black and Jepson prd@osalgorithm using a pre-trained view-based eigenbasis

Ipreliminary results of this paper were presented in [29] &1d. [



representation and a robust error norm [6]. Instead ofmglgh the brightness constancy principal assumed in optical
ow techniques, they advocated the use of a subspace canystmsumption for motion estimation. Although their
algorithm demonstrated excellent empirical results, thied learning a set of view-based eigenbases before the
tracking task began. To achieve robust visual tracking with method, it is imperative to collect a large set of
training images covering the range of possible appearaaiation (including viewing angles and illumination) from
which to construct the eigenbasis, as this representatimg learned, is not updated.

Observing that low-dimensional linear subspaces are aldéféctively model image variation due to illumination
[3], Hager and Belhumeur developed a tracking algorithmatiadhe the appearance variation caused by illumination
and pose change using parametric models [12]. Their metkish@s a gradient-based optical ow algorithm by
incorporating low-dimensional representations [3] fojeab tracking under varying illumination conditions. Befo
tracking begins, a set of illumination bases needs to betearied at a xed pose in order to account for changes
in appearance due to lighting variation. However, this ddsies not attempt to account for changes in pose such as
out-of-plane rotations.

Realizing the limitations of having a single (unimodal onfGsian) hypothesis of target location at each timestep—
as produced by the Kalman lter and its relatives—Isard anakBlintroduced patrticle Iters to visual tracking and
presented the Condensation algorithm for contour trackivghich multiple plausible interpretations are propagdate
over time [16]. This probabilistic approach has demonsttauccess in tracking the outline of target objects inefutt
However, the representation scheme employed (curvesiaoespignores the internal appearance of the target, and is
not updated to account for variations in its appearancetapese or illumination change.

Supervised discriminative methods for classi cation aegression have also been exploited to solve visual track-
ing problems. For example, Avidan (2001) developed a tragkigorithm that employs the support vector machine
(SVM) classi er within a optic ow framework [2]. Avidan moded the conventional use of the SVM classi cation
score to instead predict target location, by computing iEeg@dients as is done in optical ow algorithms. Although
this algorithm has demonstrated success in tracking spetijects, e.g., cars from a mounted camera in a moving
vehicle, signi cant effort is required in training a SVM. éhg similar lines, Williams et al. developed a method
in which an SVM-based regressor was used for tracking [3d&telad of relying on optical ow to predict object
location, they learned a perturbation function of spatigbiane displacements between frames, thereby preditieng
most likely object location. As a result of training the reggor on in-plane image motion, this method is not effective
in tracking objects with out-of-plane movements.

Mixture models have been studied as alternatives to lirgaesentations, to better account for appearance change
in motion estimation. In [5] Black et al. identi ed four pdbte factors causing appearance change, tting them
with a mixture model which was then used to estimate imageamotA more elaborate mixture model t via an
online EM algorithm was recently proposed by Jepson et at], b which three components were used to model
the responses of wavelet Iters, and thereby account foeammce variation during tracking. Their method is able
to handle variations in pose, illumination and expressidowever, their appearance model treats pixels within the
target region independently (ignoring their covarianaa] ¢hus does not have notion of the “thing” being tracked.
This can result in modelling background rather than thegiavend, thereby failing to track the target object[17].

Attempts to improve the classic Lucas-Kanade tracker [28}) wpdates was recently made by Matthews et al.
[24]. They developed a template update method for visuaking, which employs an active appearance model [9]
to account for image variation. Thus instead of using a xeahplate, the object appearance is modelled by a linear
combination of appearance images. The tracking problerhes formulated as a search (using gradient descent)
for the af ne parameters and linear combination which mizenthe difference between the target object and the
current appearance model. The newly tracked object is tBed to update appearance model, as necessary. They
demonstrated good tracking results on vehicles and fadbsvarying expressions. However, the authors noted that
the computation cost for updating the template increasasatically as principal component analysis is carried out
at each update, and that their work covers the case wherésibdity of the target object does not change.

Our work is motivated in part by the prowess of subspace sgptations as appearance models [26] [3], the ef-
fectiveness of particle Iters [16], and the adaptabilifyom-line update schemes [17]. In contrast to the eigeningck
algorithm [6], our algorithm does not require a training gddut learns the eigenbases on-line during the object
tracking process. Thus our appearance model can adaptrigeha pose, view angle, and illumination not captured
by the set of training images—in fact the need to manuallyecobliraining images prior to tracking is eliminated.



Further, our method uses a particle Iter for motion paraenetstimation rather than the gradient descent method,
which often gets stuck in local minima or is distracted byliets [6]. Our appearance-based model provides a richer
description than simple curves or splines as used in [16] has a notion of the “thing” being tracked. In addition, the
learned representation can be utilized for other tasks asabject recognition. With respect to the template update
method [9], we concurrently developed an ef cient subspapéate algorithm that facilitates object tracking under
varying pose and lighting conditions. Furthermore, ouodatgm is able to handle camera motion while learning
compact representations and tracking objects. In this wankeigenbasis representation is learned directly from
pixel values corresponding to a target object in the imageesp Experiments show that good tracking results can
be obtained using this representation without employingencomplicated wavelet features as in [17], although this
elaboration is still possible and may lead to even bettedt®sNote also that the view-based eigenbasis represamtat
has demonstrated its ability to model the appearance ottsbje different poses [26], and under different lighting
conditions [3]. Consequently, the learned eigenbasiditiateis tracking objects undergoing illumination and pose
change.

3. Incremental Learning for Tracking

We present details of the proposed incremental learnirayigthgn for object tracking in this section. First we propose
an ef cient method that incrementally updates an eigershasinew observations arrive, which is used to learn the
appearance of the target while tracking progresses. Nextlageribe our approach for drawing particles in the
motion parameter space and predicting the most likely olpeation with the help of the learned appearance model.
Collectively, we show how these two modules work in tandertnaok objects well under varying conditions.

3.1 Incremental Update of Eigenbasis and Mean

The appearance of a target object may change drasticallyodimrinsic and extrinsic factors as discussed earlier.
Therefore, to produce a robust tracker, it is important taphdhe appearance model online, while tracking, to re ect
these changes. The appearance model we have chosen, aasigeistitypically learned off-line f,fpm a set of training
images | 1;:::;1ng, by taking computing the eigenvectdssof the sample covariance matr}gabl i“:l (i )1
1)>, wherel = % ir':l I is the sample mean of the training images. Equivalently @meabtainU by computing
the singular value decompositibh V> of the centered datamatiigd; 1):::(I, )], with columns equal to the
respective training images minus their mean.

Adapting the appearance model to account for novel viewseftarget can be thought of as retraining the

performed by computing the singular value decompositiSn® & of the augmented (centered) data maf¢lx
19:::(In+m 9], wherel %is the average of the entire+ m training images.

Unfortunately this approach is unsatisfactory for onlipglacations, like visual tracking, due to its storage and
computational requirements. First, the naive approach tleeentire set of training images for each update. If an
update is made at each video frame, then the number of imdgek must be retained grows linearly with the length
of the sequence. Second, the cost of computing the meanragulasi value decomposition grows with the number of
images, so the algorithm will run ever slower as time proggss Instead, the requirements of our application dictate
that any algorithm for updating the mean and eigenbasis haw& storage and computational requirements that are
constant, regardless of the number of images seen so far.

Numerous, more-sophisticated algorithms have been deselto ef ciently update an eigenbasis as more data
arrive [11] [13] [20] [7]. However, most methods assume thmple mean is xed when updating the eigenbasis,
or equivalently that the data is inherently zero-mean. Wgitassumption is appropriate in our application. An
exception is the method by Hall et al. [14], which does coaisttie change of the mean as each new datum arrives.
Although similar to our (independently-developed) algon, it lacks the forgetting factor, which hurts its suitéki
for tracking, and has a greater computational cost. (Botthefe disadvantages are demonstrated quantitatively in
Section 4.3.) Part of the additional complexity comes, beeaHall's algorithm is based on the notion of adding
eigenspaces, from computing the eigenvalue decompositieach block of new data as it arrives. In this respect our
algorithm is simpler, since it incorporates new data diyeatithout the additional step.



Here we extend one of these ef cient update procedures—tlqeiedeial Karhunen-Loeve (SKL) algorithm of
Levy and Lindenbaum [20]—presenting a new incremental P@@&rghm that correctly updates the eigenbasis as
well as the mean, given one or more additional training d@iar. algorithm, a variation of which was rst presented
in [21], has also been applied to algorithms where the sulespeean plays an important role. For example, it can be
applied to adaptively update the between-class and witlsiss covariance matrices used in Fisher linear discrimiina
analysis [22]. We begin with a summary of the SKL algorithhert describe our new incremental PCA algorithm,
and follow with a discussion of a forgetting factor which daused to down-weight the effect of earlier observations
on the PCA model.

Putting aside for the moment the problem of the sample maspose we have d n data matrixA =

have already computed the singular value decompositienU V~>. Whenad m matrixB of new observations is
available, the goal is to ef ciently compute the SVD of thencatenation oA andB: [A B] = U° %0 LettingB
be the component & orthogonal tdJ, we can express the concatenatiodandB in a partitioned form as follows:

_ uT™B Vv> 0 .
AB=UB B 4§ g o |- 1)
h . i
LetR= | E;g , Which is a square matrix of size+ m, wherek is the number of singular values in The

SVD of R, R = U~V?>, can be computed in constant time regardless, ahe initial number of data. Now the SVD
of [A B] can be expressed as

~ g VO

A B = UDBU 0 1

Since an incremental PCA is only interested in computifgand ©, V° whose size scales with the number of
observed data, need not be computed. Thus we arrive at theviiog formulation of the SKL algorithm.
GivenU and from the SVD ofA, computeU®and °from the SVD of[A B ]:

1. ObtainB andR by taking the QR decomposition i B]: [U BI]R *x [U B

2. Compute the SVD aR: R °£° g~v>.
3. Finallyu®=[U BJ]O and °= ~. If the desired number of basis vectorsUf is less than the number of
non-zero singular values, then these excess vectors agulaivalues may be discarded.

The algorithm can also be made slightly faster, althoughesamat more complicated, by modifying the arrange-
ment of calculations in Step 1. Instead of computipg the Qebdwosition o U B], B'andR can be obtained

directly as follows:B = orth( B UU”B) andR = 0 B(BU>UBU>B) , Whereorth() performs orthogonalization,

perhaps via QR. This reorganization, which follows from, @joids performing QR on the entire matfld¥  B]
(note that the columns correspondindtare already orthogonal), instead only orthogonaliZiBg UU>B), which
is the component d8 not already in the subspatk

The computational advantage of the SKL algorithm over thigerepproach is that it has space and time complexity
that is constant im, the number of training data seen so far. Speci cally eaathatg makes use of only ttelargest
singular values and basis vectors from the previous stafes, Together with the storage required for thenew
images, reduces the space complexit@(@(k + m)), down fromO(d(n + m)?) with the naive approach. Similarly,
the computational requirements are also reduce@(ttm?), versusO(d(n + m)?2) for recomputing the entire SVD.
More details and complexity analysis of the SKL algorithra described in [20].

The problem with the SKL algorithm as stated above is thatakes no attempt to account for the sample mean
of the training data, which changes over time as new dateeartWe will now show how this can be overcome. The
essence of the approach is, at each update of the eigertbasigiment the new training data with an additional vector
carefully chosen to correct for the time-varying mean. Wgith@y proving the following lemma:



concatenation. Denote the means and scatter matrices, &, C asla, Ig, |lc, andSa, Sg, Sc respectively.
It can be shownthaBc = Sy + Sg + M(Ig  1a)(lg 1a)”.

n+m
In this lemma, we de ne a scatter matrix to be the outer pradiiche centered data matrix, for exam@Bg =
i”; ne1 (Ii 18)(1i  1g)”. Thus a scatter matrix differs from the sample covarianceimby only a scalar multiple

Sg = m cov(B). The proof of this lemma appears in the Appendix.

From Lemma 1 we can see that the S\GD(GT Ic) is equal to the SVD of the horizontal concatenation of

(A 1a),(B 1g), and one additional vector -5-(Ig  1a). (The slight abuse of notatiq 1) is meant as

a shorthand for the matrixls 1) ::: (In  1a)].) This motivates our new algorithm, appearing in Figure 1.

GivenU and from the SVD of(A 1,), aswellad 5, n, andB, computel ¢ as well adu%and °from the
SVDof(C I¢):

P
1. Compute the meanvectdrs = = " I, andlc = —"—la + "|p.
h ol i
2. Formthe matrivB = (Im+r  I8) :2: (lnem  18) O (lg la) .

h i
3. ComputeB =orth( B UU”B)andR = B(@U u§u>é) .
Note thatB" will be one column larger than in the SKL algorithm.

. Compute the SVD dR: R SYD g~y

I

o1

. Finallyu®=[U B]Jo and °= ~.

Figure 1: The incremental PCA algorithm with mean update.

As can be seen, this algorithm shares the favorable contyplekithe SKL algorithm, incurring only a small
constant overhead to store, update, and correct for theyolgaeample mean.

3.1.1 Forgetting Factor

In numerous vision applications it is desirable to focus emm recently-acquired images and less on earlier observa-
tions. For example, when tracking a target with a changin@eagng, it is likely that recent observations will be more
indicative of its appearance than would more distant onesyribweighting the contribution of earlier observations
also plays an important role in online learning. As time pesges the observation history can become very large, to
the point of overwhelming the relative contribution of edsthick of new data, rendering the learner “blind' to changes
in the observation stream.
One way to moderate the balance between old and new obssivési to incorporate #orgetting factorin the

incremental eigenbasis update, as suggested by [20]. Thisloat each update the previous singular values are
multiglied by a scalar;factar 2 [0; 1], wheref =1 indicates no forgetting is to occur. Thus at Step 3 in Figyre 1

R= fo 3(§U>u%>r§) , which is equivalent to taking the QR decompositiorffef ~ B]instead ofU  B].
Although they propose the use of a forgetting factor, Levgt eimdenbaum do not provide any analysis as to its

effect on the resulting eigenbasis. We address this witlfidlf@ving lemma:

Lemma 2 A forgetting factor of reduces the contribution of each block of data to the overallariance modelled
by an additional factor of 2 at each SVD update.

Hence, after th&™ update of the eigenbasis, the blockmfobservations added during th& update [ < k ) will

have its covariance down-weighted by a factorf 8 1). The proof of Lemma 2 appears in the Appendix. The
objective of PCA is to locate a subspace of dimendidhat retains as much of the data covariance as possible (i.e.
maximizes the determinant of the projected data covaripiteov(Data)Uj [18]). Therefore it is a ‘win' for PCA to



select as basis vectors directions of large covariancecentalata, at the expense of directions favored only byezarli
data.

An important consideration not previously addressed isatffiect of the forgetting factor on the mean of the
eigenbasis. Since the contribution of the previously-okest data to the covariance is decreased, it is necessary to
also reduce its contribution to the resulting mean. When getting factor off is used, we propose the following
modi cation to the mean update (Step 1 in Figure 1):

fn m

= |A+ IB
fn+m fn+m

lc

and at each update to compute #ffectivesize of the observation history as  fn + m.

A bene t of incorporating the forgetting factor into the nreapdate is that the mean can still change in response
to new observations, even as the actual number of obsemgajgproaches in nity. Speci cally, using  fn + m,
the effective number of observations will reach equilibriatn = fn + m, orn = m=(1 f). For instance, when
f =0:95andm =5 new observations are included at each update, the effesitieeof the observation history will
approacm = 100.

3.2 Sequential Inference Model

The visual tracking problem is cast as an inference task iragk/ model with hidden state variables. The state
variable X describes the af ne motion parameters (and thereby thetimgaof the target at time. Given a set

theorem, we have the familiar result
Z

P(Xtjle) 1 p(1ejXe)  p(X¢jXt 1) p(Xt 1jle 1) dXy 1 2

The tracking process is governed by the observation np{tigX ;), where we estimate the likelihood ¥f; observing

I+, and the dynamical model between two stg@€$:jX: 1). The Condensation algorithm [16], based on factored
sampling, approximates an arbitrary distribution of olsaBons with a stochastically generated set of weighted
samples. We use a variant of the Condensation algorithm tehtbe distribution over the object's location, as it
evolves over time.

3.2.1 Dynamical Model

The location of a target object in an image frame can be repted by an af ne image warp. This warp transforms the
image coordinate system, centering the target within amiaabbox such as the unit square, as illustrated in Figure 2.
In this work the state at timeconsists of the six parameters of an af ne transforma¥an= ( X¢; Vt; t;St; t; t)
wherex, Vi, t,St, t, t,denotex,y translation, rotation angle, scale, aspect ratio, and sheetion at time.

To develop a tracker for generic applications, the dynaféts/een states in this space is modelled by Brownian
motion. Each parameter X is modelled independently by a Gaussian distribution agatsicounterpart i 1,
and thus the motion between frames is itself an af ne tramséion. Speci cally,

PX )Xt 1) = N(X¢; Xt 15 ) 3

where is a diagonal covariance matrix whose elements are thespongling variances of af ne parameters, i.e.,

2, 2, 2, % 2, 2 These parameters dictate the kind of motion of interesttacker and this generic dynamical
model assumes the variance of each af ne parameter doefhiange over time. More the complex dynamics can be
modelled, such as rst or second order dynamic systems, dswether adaptive techniques for speci ¢ applications
[27]. Like all the other applications using particle Iterthere is a trade off between the number of particles needed
to be drawn (i.e., ef ciency) and how well particle Iters ppximate the posterior distribution (i.e., effectivesles

With larger values in the diagonal covariance matridand more particles, it is possible to track the object witihler



| POXIX )

Figure 2: The model of dynamics. A location is representedrbgif ne transformation (e.gX 1), which warps the
coordinate system so that the target lies within the uniasguParticles representing possible target locationat
timet are sampled according (X jX 1), which in this case is a diagonal-covariance Gaussian @htX ; ;.

precision at the cost of increased computation. In this pape nd a balance between these factors for ef cient and
effective visual tracking.

3.2.2 Observation Model

Since our goal is to use a representation to describe thegthhat we are tracking, we model image observations
using a probabilistic interpretation of principal compohanalysis [31]. Given an image patthpredicated by,
we assumé; was generated from a subspace of the target object spantg¢aibg centered at. The probability of a
sample being generated from this subspace is inverselygiopal to the distancd from the sample to the reference
point (i.e., ) of the subspace, which can be decomposed into the distarsighspaceg;, and the distance-within-
subspace from the projected sample to the subspace céptetThis distance formulation, based on a orthonormal
subspace and its complement space, is similar to [25] ifit.spir

The probability of a sample generated from a subspagél:jX ), is governed by a Gaussian distribution:

po (1tiX¢) = N(lg; ;UUT+"T) 4

wherel is an identity matrix, isthe mean, antl term corresponds to the additive Gaussian noise in the wdtsan
process. It can be shown [30] that the negative exponernisédrte froml; to the subspace spanned by i.e.,
exp(jj (I ) UuU(ly )ij?), is proportional taN (I;; ;UU>+ ") as"! O.
Within a subspace, the likelihood of the projected sampiebmamodelled by the Mahalanobis distance from the
mean as follows:
pa, (1tjX1) = N(lt; ;U 2U0%) (5)

where is the center of the subspace ands the matrix of singular values corresponding to the colsioilJ. Put
together, the likelihood of a sample being generated frarstibspace is governed by

p(1jX¢) = pa, (11X 1) pa, (1iX:) = N(l; ;UU +")N(l; ;U 2U%) (6)

Given a drawn particleX; and the corresponding image patgh we aim to compute(ljX) using (6). To
minimize the effect of noisy pixels, we utilize a robust errorm [6], (x; ) = %xz instead of the Euclidean

norm jjxjj2, to ignore the outliers (i.e., the pixels that are not likedyappear inside the target region given the



current eigenbasis). We use a method similar to that use@] im [order to computel, andd,,. This robust error
norm is helpful when we use a rectangular region to encloséatyet object (which inevitably contains some noisy
background pixels).

3.2.3 Distance Metric

The two distancesg; andd,, have a probabilistic interpretation within a latent val&amodel, and care should
be taken to leverage their contributions within the obsgsmamodel speci ed in (6). Denot& 2 R as a high
dimensional data sample (i.e., image observatioat timet discussed in the previous section) an@ R 9 as the
corresponding lowOdimensional latent variable. We cameea latent model with Gaussian noiseN (0; 21 4) as:

Xx=Wz+ + (7

whereW 2 RY 9is an orthogonal matrixy "W = |4, andz is a zero mean Gaussian N (0;L) with L being a
diagonal matrix. From equation (7), we have

p(xjz) N (Wz+ ; ZIg) ®
In addition, we can compute the likelihood that observed@amis generated from the modgi(x):
p(x) = ’ pXjz)p(z)dz N (;WLW T+ Z?1g) ©)
By taking the log ofp(x), we get
logp(x) = %flog(Z )4 +log WLW T+ Zlgi+(x  )T(WLW T+ Z1g) *(x )g (10)

When parametetd/, L and 2 are xed.logp(x) is determinedbyx )T(WLW T + 214) 1(x ). According
to the Sherman-Morrison-Woodbury formula

1 1
T 2 1
WLW T+ 21g) 1= Z1g 5

1 1
. W(L '+ Sl 'WT = (12)

and since 1
(L '+ Slg) = 2(q D Y; (12)

whereD is a diagonal matrix wittD; = L; + 2, we can get:

(WLW T + 21g) 1= iz(ld wWwT)+ wD twT: (13)

In the probabilistic PCA modelW andD correspond to the eigenvectors and the diagonal matrixgehealues
of the sample covariance matrix. Plugging (13) into (10)sitlear thatiogp(x) is determined by two terms: the
Euclidean distance to the subspape, )"(lq WWT)(x ) (i.e., d; in our formulation) weighted by, and
the Mahalanobis distance within the subspgge, )TWD WT(x ) (i.e.,dy in our model).

In (13) d; is scaled by 2 in computinglog p(x). As the observation noise? increases, the contribution df is
reduced. On the other hand, the contributiordgfdecreases iD is increased wheh in (7 is increased. WheD
goes to in nity, the contribution ofl,, becomes null antbg p(x) is solely determined bg;. In this case, the Gaussian
model of latent variable has in nite variance, which is equivalent to the case that uniformly distributed.

In summary, if we only usel; as a measurement pfx), effectively we assume latent variakdds uniformly
distributed in the subspace. If we use bdtrandd,, in computingp(x), then we assume that the distributionzah
the subspace is Gaussian as it covers only a local regior isubspace. In this work, we take the later view.



3.3 Summary of the tracking algorithm

We now provide a summary of the proposed tracking algoritinfigure 3. At the very beginning when the eigenbasis

1. Locate the target object in the rst frame, either manuall by using an automated detector, and use a
single particle to indicate this location.

2. Initialize the eigenbasld to be empty, and the meanto be the appearance of the targetin the rst frame.
The effective number of observations so fanis 1.

3. Advance to the next frame. Draw particles from the paetiltér, according to the dynamical model.

4. For each particle, extract the corresponding window ftloercurrent frame, and calculate its weight, which
is its likelihood under the observation model.

5. Store the image window corresponding to the most likettigla. When the desired number of new images
have been accumulated, perform an incremental update &fdtgetting factor) of the eigenbasis, mean,
and effective number of observations. In our experimehtsupdate is performed every fth frame.

6. Goto step 3.

Figure 3: A summary of the proposed tracking algorithm.

is empty (i.e., before the rstupdate), our tracker worksidsmplate based tracker. There is a natural tradeoff betwee
update frequency and speed of movement. Likewise, thereasl@off between the number of particles and granularity
of movement. We will discuss these implementation issuéisdmext section.

4. Implementation and Experiments

To evaluate empirical performance of the proposed trackercollected a number of videos recorded in indoor and
outdoor environments where the targets change pose imatifféghting conditions. Each video consists3@0 240

pixel grayscale images recorded at 30 frames per seconesugpeci ed otherwise. Note that there exists large and
unpredictable camera motion in the videos. For the eigesibegresentation, each target image region is resized to a
32 32patch, and the number of eigenvectors used in all expergigiet to 16, though fewer eigenvectors can also
work well. The forgetting term is empirically set to be 0.@d the batch size for the eigenbasis update is set to 5
as a trade-off between computational ef ciency and effestess of modelling appearance change during fast motion.
Implemented in MATLAB with MEX, our algorithm runs at 7.5 frees per second with 600 particles on a standard
2.8 GHz computer. Here we present selected tracking resutts more tracking results as well as videos available
at http://www.cs.toronto.edu/ dross/ivt/ . Note that the results can be better viewed on high resolutio
displays or color printouts. Sample code and data sets sweaghilable at the aforementioned website.

We begin by showing the results of our tracker on severalasops, then compare it qualitatively to two other
state-of-the-art trackers. Next we evaluate and comparetrtitkers' quantitative performance, and empirically
demonstrate the accuracy of our incremental PCA algorithke. conclude with a discussion of the experimental
results.

4.1 Experimental Results

We rst tested our algorithm using a challenging video s&adin [17]. The image sequence was downsampled by
one-half, retaining only every other frame. Figure 4 shawesdmpirical results using our proposed method, where
the rst row of each panel shows the tracked objects (endegith rectangles) and the second row shows (from left
to right) the subspace center, tracked image patch, resiidereconstructed image using current eigenbasis. The red
window shows the maximum a posteriori estimate of the partlter, and green windows show the other particles
whose weights are above a threshold. The eigenbasis imégdes current subspace are shown in the third row of
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each panel (sorted according to their eigenvalues). Natieditr method is able to track the target undergoing pose
(#46, #185, #344, #376, #481), expression (#277, #398)lightihg (#344, #440) variation. Further, our method is
able to track the target with temporary occlusion (#104) stnuctured appearance change such as glasses (#6, #185).
Compared with the results reported in [17], our method i® dblef ciently learn a compact representation while
tracking the target object without using wavelets. All thigebases are constructed automatically from scratch and
constantly updated to model the appearance of the targettohyhile it undergoes intrinsic and extrinsic changes.
The eigenbases capture the appearance details of theitadijfftrent pose, expression, and with or without glasses,

Figure 4: A person undergoing large pose, expression, appes, and lighting change, as well as partial occlusions.
The red window shows the maximum a posteriori estimate op#récle Iter, and the green windows show the other
particles with weight above a threshold. The results carettebviewed on high resolution displays or color printouts
More results are shown in the accompanying video.

The second image sequence, shown in Figure 5, contains araladoll moving in different pose, scale, and
lighting conditions. Once initialized in the rst frame, oalgorithm is able to track the target object as it expe®snc
large pose change (#65, #272, #364, #521, #550, #609),tareldtbackground (#65, #450, #521, #609), scale change
(#65, #225), and lighting variation (#225, #364, #450, #609otice that the non-convex target object is localized
within a rectangular window, and thus it inevitably contagome background pixels in its appearance representation.
The robust error norm enables the tracker to ignore backgkpixels and estimate the target location correctly. The
results also show that our algorithm faithfully models tippearance of an arbitrary object, as shown in eigenbases
and reconstructed images, in the presence of noisy baakgnuinels. Nevertheless, our tracker eventually failsrafte
frame 614 as a result of a combination of drastic pose anahiilation change. Since the proposed algorithm is not
limited to rectangular patches when specifying a regiomudrest for tracking, better results can be expected with
more compact enclosing windows for speci ¢ targets.

Figure 6 shows the tracking results using a challengingessopy recorded at 15 frames per second with a moving
digital camera, in which a person moves from a dark room tdveabright area while changing his pose, moving
underneath spotlights, changing facial expressions aidgaff his glasses. Notice that there is also a large scale
variation in the target relative to the camera. Even withglgmi cant camera motion and low frame rate (which
makes the motions between frames more signi cant, as whaakittg fast-moving objects), our algorithm is able to
track the target throughout the sequence, experiencingterporary drifts. In contrast, most gradient or contour
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Figure 5: An animal doll moving with signi cant pose, lighy and scale variation in a cluttered scene. The results
can be better viewed on high resolution displays or colantptits.

based trackers are not expected to perform well due to the leyhting variation, cast shadows, and unknown camera
motion. With the use of a particle Iter, our tracker is abterecover from temporary drifts due to a sudden and large
pose change (between frames #166 and #167 in the accomgay@o). Furthermore, the eigenbasis is constructed
from scratch and is updated to re ect the appearance vaniati the target object.

We recorded a sequence to evaluate our tracker in outdodoements, where lighting conditions often change
drastically. In it, a person walks underneath a trellis ceddy vines, resulting in a signi cant variation in appasra
due to cast shadows. As shown in Figure 7, the cast shadowgeltiae appearance of the target face signi cantly
(#96, #155, #170, #180, #223, #278). Furthermore, the poddighting variation combined with a low frame rate
(15 fps) makes the tracking task rather challenging (#1983§ Nevertheless, our algorithm is able track the target
fairly accurately and robustly. In this sequence the fdnggtterm plays an important role, down-weighting the
previously seen face images and focusing on the most repest as the object appearance changes drastically.

Figure 8 shows the results of tracking a moving vehicle, gsdises beneath a bridge and under trees. Although
there is a sudden illumination change (#12, #184, #192, ¥ib3Re scene, our tracker is able to track the target well.
Our algorithm is also able to track objects in low resolufimiages, such as the sequence of a vehicle driving at night,
shown in Figure 9. Despite the small size of the target redat the image, and the dif cult illumination conditions,
our algorithm is able to track the vehicle well.

4.2 Qualitative Comparison

As a qualitative benchmark, we ran two state-of-the-amtigms, the WSL[17] and Mean Shift[8] trackers, on four
of the sequences. The results are depicted in Figure 10. iAbeaeen in the gure (and corresponding videos), our
method provides comparable performance to the WSL trackehd case of the rst “Dudek” sequence, it is able to
do so despite using a tighter target window around the faceudder in the “animal doll” and “trellis”, sequences, the
WSL tracker proves to be more robust, continuing to track afe method fails. In both cases the targets experience
drastic non-uniform changes in illumination from directigght sources. The WSL tracker gains a distinct advantage
in these cases, based on its use of wavelet phase featuremasierepresentation. (Itis possible that the perforneanc
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Figure 6: A person moves from a dark to a bright area, undegglairge lighting and pose changes. The images
in the second row show the current sample mean, trackedmegioonstructed image, and the reconstruction error
respectively. The third and fourth rows show the top 10 ppialceigenvectors.

Figure 7: A person moves underneath a trellis with largerilhation change and cast shadows while changing his
pose. More results can be found in the project web page.
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Figure 8: A vehicle moving underneath an overpass and t@es.algorithm is able to track the target despite the
large illumination variation.

Figure 9: A vehicle moving in the night time with large illungition changes. Our algorithm is able to track the target
when the images have low resolution and contrast.
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of our tracker could also be improved by using a wavelet gar&ation.) Further, our method not only tracks a target
object, it also learns a compact low-dimensional repregimt which can be used for other applications such as
recognition.

On the other hand, the Mean Shift tracker performs poorlyegrncing signi cant drift off the target objects. This
can be attributed to the appearance model of the Mean Shiftdr, based on histograms of pixel intensities, which
does not adapt over time, and is not suf ciently discrimivaton these grayscale-only sequences. We expect that
variants of the Mean Shift tracker using more sophisticatpdesentations or adaptive multi-component models [10],
would show improved performance.

Figure 10: A comparison of our tracker (indicated with agelbox) with the WSL [17] (shown in highlighted ellipse)
and the Mean Shift [8] (depicted by a green dashed box) onviol@o sequences.

4.3 Quantitative Analysis

To evaluate the tracking precision quantitatively, wedddhe ability of our algorithm to consistently track sevacidl
feature points in the “Dudek” sequence. We compare ourtenith the manually-labelled “ground truth” locations
of the features, as initially presented in [17].

To obtain estimates of the feature locations, we began lokitrg the face, obtaining a sequence of similarity
transformations approximately describing its motion frone frame to the next. For this image sequence, we used
slightly larger variances, more particles (4000), and gdting factor of 0.99. Given the locations of the facial
features in the rst frame, we applied the sequence of tamnsétions to these points, obtaining at each frame an
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estimate of where the features lay. Representative trgeckisults are shown in Figure 11, with red x's used to indicate
our estimates of the feature locations, and yellow x's ferghound-truth positions.

Finally we computed the root mean square (RMS) error betwleerstimated locations of the features and the
ground-truth. The error is plotted for each frame in Figu2e Bor most frames our tracking results match the ground
truth well, the largest errors occurring during brief ogituns or fast pose changes. The average RMS error of our
method is 5.07 pixels per feature per frame, which is shgbétter than the error of 5.2 pixels reported for the WSL
tracker in [17]. In contrast, the Mean Shift tracker desedilin Section 4.2 has an average error of 48.7 pixels. Note
that the errors in most frames are rather small and the @rrarfew frames contribute most to the average RMS error.

Comparing the ability to track labeled features also allag/fo quantitatively assess the contribution of the correct
mean update and forgetting factor in our incremental allgorito overall tracking performance. First, we re-ran the
tracker without incrementally adapting the mean of the mligsis. The resulting average error increased to 5.86
pixels per feature per frame. Next, we removed the forggttactor from the algorithm (while using the correct
mean update) and re-ran the tracker. This caused an evet laggease in error, to 7.70 pixels. Substituting our
incremental algorithm with that of Hall et al. [14], whichclkes the forgetting factor, also produced an error of 7.70.
These results demonstrate that the mean update and, fatyicthe forgetting factor provide a measurable boost to
tracking performance.

Figure 11: A person undergoing large pose, expressiongappee, and lighting change, as well as partial occlusions.
The yellow crosses denote the ground truth data and the osdes represent our tracking results. The differences can
be best viewed when the images are magni ed on displays.

To demonstrate the effectiveness of the proposed eigenbpsdiate algorithm in modelling object appearance,
we compare the reconstruction results of our method to timeerdional PCA algorithm, and to the incremental
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Figure 12: The RMS error at tracking feature points, for eaaime in the “Dudek” sequence. The abrupt increases in
error occur when there is temporary occlusion or motion.blur

algorithm of Hall et al. [14]. For a fair comparison we do neeuhe forgetting factor in this experiment, so that
the reconstruction error of each input image is treated lgghw all algorithms. Unlike conventional PCA, which
constructs a subspace using all the frames in the video lfiaéch mode), the incremental algorithms—Hall's and
our own—update the subspace periodically as frames arrivethis experiment, as with the tracker, we update the
basis every ve frames. At any given time the incrementabalyms retain only the top few eigenvectors, thereby
providing an ef cient method with a compact representation

We used the “animal doll” sequence for experiments, extrgdmages of the target object from the rst 605
frames of the sequence to use as training data. A selectithresé images are depicted in the rst row of Figure 13.
The conventional batch PCA algorithm, our algorithm, arat tif Hall et al. were used to construct bases consisting
of 16 top eigenvectors. For both incremental algorithms #nitailed 121 incremental updates, retaining only the top
16 eigenvectors after each update. When the learned basesisest to reconstruct the training images, batch PCA
incurred a RMS reconstruction error 93 10 2 per pixel, whereas the error of our algorithm was only slight
higher, ai8:03 10 2. The reconstructed images using the batch PCA algorithnoandlgorithm are shown in rows
2 and 4 of Figure 13 respectively, and rows 3 and 5 containdhresponding residue images.

In comparison, Hall's algorithm achieved the same recoisisn error as our own8:03 10 2, however its
runtime, averaged over 100 repetitions, was 38% greatarttia of our algorithm. (The results of Hall's algorithm
are not included in the gure since, when the forgetting é&gs not used, they are visually indistinguishable from
our own.) The batch PCA algorithm takes on average 6 timegelothan our incremental algorithm, even after we
rearrange the computation to calculate the eigenvectdisedBram matrixX T X ) rather than the covariance matrix
(XX T), as described in [26].

Thus, from these experiments we can conclude that our iremt&aheigenbasis update method is able to effectively
model the object appearance without losing detailed infdion, at a cost appreciably less than that of Hall et al.'s
algorithm.

4.4 Discussion

The robust tracking performance of our algorithm can bébattied to several factors. One reason is that our incremen-
tal eigenbasis learning approach exploits the local liteeaf appearance manifold for matching targets in conseeut
frames. It is well known that the appearance of an object iguileg pose change can be modelled well with a view-
based representation [26]. Meanwhile at xed pose, the afgee of an object in different illumination conditions
can be approximated well by a low dimensional subspace [3]: énpirical results show that these variations can

17



Figure 13: The rst row shows a selection of test images. Témpad and fourth rows show the reconstructions of
these images using the conventional batch algorithm anchotemental algorithm, respectively. Their correspogdin
residues are presented in the third and fth rows.

be learned on-line without any prior training phase, and #& changes caused by cast and attached shadows can
still be approximated by a linear subspace to certain ext€ansequently the appearance of an object undergoing
illumination and pose variation can be approximated by allsabspace within a short span of time, which in turns
facilitates the tracking task. Notice that at any time inst# suf ces to use an eigenbasis to account for appearance
variation if the object motion or illumination change is nostantly drastic. This work demonstrates that a tracker
based on the idea of an incremental eigenbasis update camtlbefisient and perform well empirically when the
appearance change is gradual. A few additional failurescamethis algorithm can be seen at project the web site,
mentioned earlier. Typically, failures happen when ther@ combination of fast pose change and drastic illumination
change.

In this paper, we do not directly address the partial ocolugroblem. Empirical results show that temporary and
partial occlusions can be handled by our method throughtanhapdate of the eigenbasis and the robust error norm.
Nevertheless situations arise where we may have prior ledya of the object being tracked, and can exploit such
information for better occlusion handling.

5. Conclusions and Future Work

We have presented an appearance-based tracker that imtadigniearns a low dimensional eigenbasis representation
for robust object tracking while the target undergo podemiination and appearance changes. Whereas most algo-
rithms operate on the premise that the object appearanaalzieat environment lighting conditions do not change
as time progresses, our method adapts the model reprégeritate ect appearance variation of the target, thereby
facilitating the tracking task. In contrast to the existingremental subspace methods, our eigenbasis updatednetho
updates the mean and eigenbasis accurately and ef cieatlg, thereby learns to faithfully model the appearance of
the target being tracked. Our experiments demonstratefimtieeness of the proposed tracker in indoor and outdoor
environments where the target objects undergo large pakhgating changes.

Although our tracker performs well, it occasionally drifitem the target object. With the help of particle lters, the
tracker often recovers from drifts in the next few frames wheew set of samples is drawn. For speci ¢ applications,
better mechanisms to handle drifts could further enhanwmestoess of the proposed algorithm. The current dynamical
model in our sampling method is based on a Gaussian disoruiut for certain speci ¢ applications the dynamics
could be learned from exemplars for more ef cient paramefgimation. Our algorithm can also be extended to
construct a set of eigenbases for modelling nonlinear &spéappearance variation more precisely and automaticall
We aim to address these issues in our future work.
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Proof of Lemma L
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Proof of Lemma 2:

When a forgetting factor of is used, the incremental PCA algorithm in Figure 1 computesléft-singular
vectorsU® and singular values © of the matrix[fU  B]. This is equivalent to computing the eigenvectors and (the
square-roots of) the eigenvaluesitd  B]fU  BJ. Now

f2U 2U> + BB~

= f2U V>V >U>+BB>

= f2(A 1A)A 1)+ BB~
= 25, + Sg + ct

[fu BJfu BT

wherect is a correction term that adjusts the mean of the eigenbastsS, andSg are scatter matrices—a scalar
times the covariance matrix—as de ned in Lemma 1.
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