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Abstract

One of the major drawbadks of the Active Appear-
ance Model (AAM) is that it requires a training set
of pseudo-densecorrespondences. Most methods for
automatic correspondence nding involve a groupwise
model building processwhich optimises over all im-
agesin the training sequencesimultaneously. In this
work, we posethe problem of correspondence nding

as an adaptive template tracking process. We inves-
tigate the utilit y of this approach on an audio-visual
(AV) speed databaseand show that it can give rea-
sonableresults.
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1 Intro duction

Activ e appearancemodels(AAM) area powerful class
of generative parametric models for non-rigid visual
objects which couple a compact represertation with
an e cien t alignment method. Since its advent by
Edwards et al. in (Edwards, Taylor & Cootes 1998)
and their preliminary extension (Cootes, Edwards,
Taylor, Burkhardt & Neuman 1998), the method has
found applications in many image modelling, align-
ment and tracking problems, for example (Lehn-
Sdhiler, Hansen & Larsen 2005) (Stegmann &
Larsson 2003) (Mittrapiy anuruk, DeSouza & Kak
2005).

The main drawbadk of AAM is that it requires
pseudo-densennotations for every training image to
build its statistical modelsof shape and texture. Each
of theseimagesmay require hundreds of correspond-
ing points. Manual annotation for large databases,
therefore, are tedious and error prone. The process
is especially di cult for objects which exhibit only a
small number of corner like features (i.e. the human
face contains mostly edges). A processwhich auto-
mates the annotation processis, hence, highly desir-
able and may encouragea more widespreadutilisation
of the AAM.

In this paper, we discussthe automatic annota-
tions (nding physically corresponding points across
images) of audio-visual (AV) speedt databaseswhich
consist of sequencef talking heads. As a test case,
we investigate its utilit y on the AVOZES (Goedke
& Millar 2004) database. This scenario for auto-
matic annotations is more constrained than the gen-
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eral problem asthe changesin shape and texture be-
tween consecutive framesin a sequenceis relatively
small. Nonethelesswe show that this problem is still
a challenging one, mainly due to the high dimension-
ality of the problem which makesit di cult to opti-
mise and avoid spurious local minima.

We approach the automatic annotation process
through a tracking perspective, where the annota-
tions in a referenceimageare propagatedthrough the
sequenceby virtue of an adaptive template. We be-
gin with an overview of related work in Section 2.
The problem of image based correspondencesis dis-
cussedin Section 3. An outline of our approacd to
the automatic annotations of image sequencess then
preseried in Section 4. In Section 5, we describe
the results of applying this approac to the AVOZES
database. Section 6 concludeswith discussionsof the
results and future directions.

2 Related Work

There has beensigni cant researd over the yearsto
automatically nd semi-densecorrespondencesacross
imagesof the sameclassfor building AAMs. These
methods can be broadly categorisedinto either fea-
ture or image basedapproades.

Feature basedmethods (Chui, Win, Schultz, Dun-
can & Rangarajan 2003) (Walker, Cootes, & Taylor
1999) (Hill & Taylor 1996) nd correspondencesbe-
tweensaliert featuresin the image by examining the
local structure of the features. The advantage of
this method is that feature comparisonsand calcu-
lations are relatively cheap. The downside however
is twofold. Firstly, there may be insu cien t salient
features in the object to build a good appearance
model. Secondly as the feature comparisonsgener-
ally consider only local image structure, the global
image structure for which the AAM is then modelled
is ignored, and hence,the model may be suboptimal.

Image based methods (Cootes, Marsland, Twin-
ing, Smith & Taylor 2004) (Baker, Matthews &
Sdneider 2004) (Jebara 2003) usually nd denseim-
age correspondencesby nding a nonlinear warping
function which minimises sometype of error measure
betweenthe intensities of the images. The main ad-
vantage of thesemethods is that the global structure
of the image is taken into accourt, better mimick-
ing the AAM for which the correspondenceswill be
used later. The main drawbadk of this approacd is
that to accurately represern the shape variations of
the visual object, the warping function will generally
needto be parametrised using a large number of pa-
rameters (generally as set of landmark points). This
results in a very large optimisation problem which is
slow to optimise and prone to terminating in local
minima.



3 Image Based Corresp ondence

The heart of image based methods for correspon-
denceconsistsof nding a warping function between
a set of imagessud that every location in oneimage
is warped to the same physically meaningful (corre-
sponding) location in all other images. Howewer, as
there is no true senseof the physical correspondence
of un-annotated images,the quality of a set of warp-
ing functions is usually quantied by some measure
of model compactnessbuilt from the warped images.
Examples of these measuresinclude MDL (Cootes,
Twining, Petrovic, Sthestowitz & Taylor 2005), speci-
cit y/generalisation (Schestowitz, Twining, Petrovic,
Cootes, Crum & Taylor 2006) and minimum volume
PCA (Jebara 2003).

Apart from the measureof quality there is a large
amount of variation of image based correspondence
methods at the implemenrtation level. These varia-
tions include, but are not limited to, model and warp
parametrisation, model tting methods and the land-
mark selection process. In this section, we describe
the choiceswe made on these factors for the experi-
ments preserted in Section5. In most caseswe follow
the convertion of most AAM implementations.

3.1 Linear App earance Mo dels

Active appearance models assume the visual phe-
nomenonbeing modelled takesthe form of a degener-
ate Gaussiandistribution, where the shape and tex-
ture canbe modelled by a compactset of linear modes
of variation. The texture is generatedas follows:
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t(x) = t(x) +

where t(x) is the generated model texture at pixel
location x, t(x) is the meantexture at that location,
t (x) is the k'" mode of texture variation and g is the
magnitude of variation in that direction. Similarly, a
novel instance of the model's shape can be generated
using:
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wheres = [Xy;:::;Xn] is the shape vector of concate-

nated landmark locations, s is the mean shape, sy is
the k" mode of shape variation and py is the magni-
tude of variation in that direction.

These models are usually obtained by applying
PCA to a set of annotated images, retaining only
the m; and mg largest modes of variation in shape
and texture respectively. The resulting model is a
compact represertation of a high dimensional visual
object by a small set of parameters.

Although these separate models of variation
(called independert appearancemodels) have shown
to adequately represen the variations exhibited by
many visual objects, they fail to take into accourt
the correlations betweenshape and texture. In some
cases, where there is a strong correlation between
shape and texture, failing to take these correlations
into accourt may result in a model capable of gen-
erating unrealistic instancesof the object class. Fur-
thermore, the resulting model may not be ascompact
asit could be, if these correlations are consideredin
the model building process. An example of this is a
person-speci ¢ AAM. In these cases,it is bene cial
to perform a secondlevel of PCA, this time on the
concatenation of the shape and texture parameters:

_ Wgsp .
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whereW ¢ is a weighting matrix which normalisesthe
di erence in units betweenshape and texture. A com-
mon choice for this matrix is an isotropic diagonal
matrix represening the ratio betweenthe total vari-
ations of shape and texture in the training set. By
applying PCA to a set of these training vectors, a
combined appearance model is obtained, for which
novel instancescan be generatedas follows:

)(la
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where a, is the ki" mode of combined appearance
variation and ¢ is the magnitude of variation in that
direction. The combined appearance model can be
usedto generatenovel instancesof shape and texture
directly asfollows:
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are matrices of concatenated modes of variations of
shape, texture and appearance,respectively. For vi-
sual objects exhibiting strong correlations between
shape and texture, the resulting combined appear-
ancemodel is usually more compactthan the indepen-
dent appearancemodel, exhibiting a smaller number
of modes of variation.

3.2 Mo del Qualit y

The quality of a model is usually quantied by some
measureof compactness. In our work, we follow the
method in (Jebara 2003) which estimates compact-
nessof Gaussiandistributed models through an ap-
proximation of the volume of the variations of the
model. The approximation used hereis the determi-
nant of the model's covariance matrix, which is equiv-
alert to the sum of the eigervaluesof the model:

(10)

In the AAM, variations in pixel valuesin the im-
ageframe are generatedfrom variations in both shape
and texture, ead of which is modelled by a Gaussian
distribution. Therefore, a measure of compactness
of an appearancemodel must take into accourt the
compactnessof both modelswhich may disagreewith
ead other. For example, for the same database, a
model which exhibits a compact shape distribution
may result in a non-compact texture as it needsto
accommalate pixel intensity variations which are not
accourted for by the shape. On the other hand, if the
texture is evaluated in a referenceframe (as opposed
to the image frame as is done in an MDL formula-
tion (Cootes et al. 2005)), the shape may be chosen



such that the texture is compactat the cost of a non-
compact shape distribution. In (Jebara 2003), only
the texture compactnesss usedasa measureof qual-
ity, which may result in a non-compact shape distri-

bution which in turn may result in a model which
can generateimplausible shapes. Although it is easy
to have a single measureof model quality through a
weighting of the compactnessof shape and texture,

this weighting is usually chosen heuristically based
on the intuition of good results from manual analy-
sis of example models. In this work, we investigate
the trends of the shape and texture compactnesanea-
suresfor di erent settings of the training parameters.

As a nal note, in our implementation the sum in

Equation (10) is performed over all non-zero eigen-
values of the system rather than only the most sig-
nicant ones. This is becausewe want to measure
the model quality by consideringthe total amount of
variation in the training set. Sincethe total variation

may di er depending on the implementation details,
commonmethods usedin PCA sud asretaining only
a certain percertage of the total variation may not
give a discriminativ e measureas di erent amournts of
variations may be discarded as noise.

3.3 Landmarks and the Warping Function

The shape of an AAM s de ned through a setof land-
marks which in turn parametrisethe warping function
usedto project the texture from the imageto the ref-
erenceframe.

3.3.1

The choice of these landmarks is crucial to the com-
pactnessof the model. As arule of thumb, for a given
number of landmark points, the set which, under the
warping function, accourts for the most amourt of
shape variation within the object classshould be cho-
sen. This way, the variation exhibited in the tex-
ture model accreditedto shape variation is minimised.
However, in the problem of automatic model building,
parts of the object which exhibit the most variation
in shape are not known a-priori. Therefore, a choice
must be made regarding the cortribution of ead lo-
cation in the imageto the variation in texture due to
unaccourted variations in shape.

In general, locations with high texture contribute
more to the variation in texture due to unaccourted
shape variations than do at regions. Therefore, we
propose using a sequettial selective processwhere
landmarks are chosen iteratively based on their
saliency measuredby the cornernessof that point in a
referenceimage. This method wasadoptedin (Cootes
et al. 2005), where it was demonstrated that using
landmarks on strong edges,and ignoring at regions,
gave the best performanceasit allowed more cortrol
over the boundary regionsin the image. Our method
di ers howewer in the way the landmarks are cho-
sen. In their approad, the landmarks are initialised
on an equally spacedgrid, then moved to the closest
strong edge. In our work, we sequettially selectthe
most saliert pixel location, then zero-out a small re-
gion around that point in the saliency image. This
processguaranteesthat the most saliert locations are
selected, but prevents trivial landmarks (i.e. those
which are too closeto represen adequateshape vari-
ations) from being selected.

Apart from these saliert landmarks, we also add
a xed number of border landmarks, equally spaced
around the image border, such that the whole image
is encaded into the texture model. As the domain of
the texture of an AAM is usually de ned within the
convex hull of the referenceshape only, adding these

Landmark Selection Scheme

Figure 1: Piecewise-a ne warping. Top row: pseudo-
denselandmark triangulation. Bottom: |, warped
onto |, using piecewisea ne warp de ned by trian-
gulation.

border landmarks allow the badkground to be incor-
porated into the model's texture which may allow a
more accurate model building processas the bound-
ary betweenthe object and the badground can give
strong cuesfor model tting.

3.3.2 Warping Functions

The most common warping function usedfor AAMs
is the piecewisea ne warp. This type of warp utilises
a triangulation of landmarks in the referenceimage,
where pixels within the domain of ead triangle are
warped using an a ne function. Although there are
many other warping function which can be used,such
asthin-plate splinesor B-Splines,the piecewisea ne
warp is simple and e cien t. Furthermore, it allows
the inverse of the warp to be computed e cien tly,
which is bene cial in an image generation process
where the texture in the referenceframe is projected
onto the image frame.

Although the piecewisea ne warp hasthe disad-
vantage that it is discortinuous at the boundaries of
the triangles, we nd that a su cien tly denseset of
landmarks chosenaccording to the schemedescribed
in Section 3.3.1 usually results in a triangulation
where the edgesin the image correspond to edgesof
the triangles, minimising the e ect of this discortin u-
ity. An exampleof a pseudo-denséandmark selection
with its triangulation and warping processis showvn
in Figure 1.

3.4 Alignmen t

Regardlessof the model building processused, au-
tomatic AAM construction generally involvesa non-
rigid registration to align the model to animage. The
alignmernt processessetially nds the model param-
eters which best describe the image. This process
usually involves minimising some measureof tness
between the model and the image which contains a
data term and a smoothnessterm:

C=Cyq+ Cs; (11)
where Cy is the data term, Cs is the smoothnessterm
and is a regularisation parameter which trades o
the contribution of the data and smoothnessterms to
the total cost.



3.41 The Data Term

The data term is usually de ned asa function of the
di erence betweenthe model's texture and the image
texture warped back to the referenceframe:

Ca = (E(); )
X2

E(x) = t(x;a) 1(W(x;p)); (13)
where is the domain over which the model's tex-
ture is de ned (i.e. the corvex hull of the landmark
points), t(x;q) Is the model's texture, |1 (W (x;p)) is
the imagetexture warped badk to the referenceframe,
and is sometype of function over the residuals,
parametrised by

A commonfunction usedin AAM alignmernt is the
L2-norm (Baker & Matthews 2002),in which case the
data term takesthe least squaresform. However, in
somecasesit may be bene cial to usea robust error
function to minimise the e ects outliers in the data.
This is particularly important in model building as
regionswhich are not yet accourted for by the texture
model may deteriorate the estimate of the shape in
other parts of the image, leading to a non-compact
model. For the experiments preserted in Section 5,
we usethe Geman-McClure function:

r2

(12)

(r; )= (14)
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which has been used extensiwely for optical ow es-
timation (Black & Anandan 1993) (Blake, Isard &
Reynard 1994).

The choice of the scaleparameter for robust er-
ror functions is always problematic asit dependson
the distribution of the residuals. One approad is to
usethe assumptionthat the corresponding error func-
tions model the underlying distribution of residuals,
and nd which best ts that distribution. However,
this usually leadsto a complex non-linear estimation
process. Therefore, in our work, we assumea con-
taminated Gaussiandistribution for the residuals. In
this framework, the estimate of canbe derived from
the median value of the absolute residuals:

= 1:4826 med(E (x)) (15)
which has been claimed to have excellert resis-
tance towards outliers, tolerating almost 50% of
them (Sawhney & Ayer 1996).

3.4.2 The Smoothness Term

In automatic model building the landmarks should
be allowed to move freely to minimise the data term.
However, as the AAM's shape consists of a pseudo-
denseset of landmarks, the dimensionality of the op-
timisation processis very large, which if not con-
strained is likely to get trappedin spuriouslocal min-
ima. Theseminima usually correspond to implausible
shapes. As such, a smoothnessterm is required to en-
couragethe model to deform smoothly.

The form of the smoothness constraint is depen-
dent on the visual object being modelled. The most
common of which is to penalise the magnitude of
the deformation of every landmark from a reference
shape, as was adopted in (Baker et al. 2004). The
problem with this approad is that it does not take
into accourt the spatial relationship betweenthe de-
formation of landmarks. In this work, we penalise
only the di er ene betweenthe deformation of land-
marks, similar to the smoothness constraint in vari-
ational optical ow estimation (Brox, Bruhn, Papen-
berg & Weidkert 2004). The di erences are weighted

by a smooth function of the landmark distancesin a
prede ned shape:

Cs= ki kd(i; j)k?; (16)
i5j
where ,
‘ exp kklz sz K ( )
i = : 17
| P k& % k2
[ exp 77
is a smoothing factor and
d@i;j) = Wxi;p) &l [W(x:p) %] (18)

is the dierence between landmark displacemerts,
with &, = W (Xx;po) being the location of the ki"

landmark in the prede ned shape, parametrised by
po. In most works utilising a smoothness measure,
the prede ned shape is always set to the reference
shape (i.e. po = 0). The problem with this is that

it assumeghe deformations are isotropic for all land-
marks. This type of smoothing doesnot t the notion

of a linear shape classwhich is modelled by a degen-
erate Gaussian. In contrast, we set the prede ned

shape as the initial shape in the alignment process.
Smoothing the deformations in an isotropic manner
starting from this shape better suits the form of the
shape model as it does not over constrain the over-
all highly anisotropic shape deformations whilst still

encouragingthe landmarks to deform smoothly.

3.4.3 Optimisation

To optimise the cost function in Equation (11) we
adopt the Gauss-Newtonmethod which is commonly
used for image alignment. To allow the use of the
robust error function in the Gauss-Newtonoptimisa-
tion procedure,the data term must be reformulated.
Sinceit contains no squaed term, the derivation of
the parameter update requires a secondorder Taylor
expansion,akin to the Newton algorithm. Therefore,
following (Baker, Gross & Matthews 2003), we re-
place the data term in Equation (12) with:

X
Cq = % E(x)%; (19)
X2
and the reformulated robust error function:
%r; )= — (20)

This requiresonly that the error function is symmet-
ric, which is satis ed by the GemanMcClure function.

With this reformulation, the Gauss-NewtonHes-
sian of the data term is given by:

X
Hq = WBE (x)?)Ja(x)" Ja(x)
X2

(21)

where %(E (x)?) is the derivative of the reformulated
robust error function and

@v (x;p) . @(x;q)
@ ' @

is the Jacobian of the data term. It should be
noted here that since we allow the landmark points
to move freely, the warping function W is directly
parametrised by the location of the landmarks (i.e.

Ja(x) = r (W (x;p))

(22)



Equation (18) is equivalent to:
d@isj) =i %) (X %)

This is in contrast to the usual AAM formulation
where the warp is parametrised by the magnitudes
of the modesof shape variation.

The Gauss-Newton Hessian of the smoothness
term is given by:

(23)

X
Hs= ki x(i§)T x (i) + Iy (i i) Iy (is i)
i5j
(24)
where the 2k™ entry of the x smoothnessterm's Ja-
cobian Jx (i; j) is given by:

8 1 if k=i

< | =1
(i ))%*= 1 ifk=j ;

"0 otherwise

(25)

and similarly for the (2k + 1)" entry of J,. For Jy,
entries at the (2k + 1) locations are all zero, and
similarly for the 2k locations of Jy. This simple
form, which a ords a fast calculation of the Hessian
and gradient, is a result of optimising directly over
the landmark locations.

The parameter updates of the Gauss-Newtonop-
timisation of Equation (11) then takesthe following
form:

g = Hq+ HOS 8 Oag t gOS
(26)
where
X 2 T
gd = 9W(E (x)?)Ja(x)" E(X) (27)
X2
Os= ki Ix(ij)Tdx(; i)+ Iy(is )T dy(isj)

(28)

are the gradients of the data and smoothnessterm
respectively.

The optimisation processcan usually be sped-
up by using the inverse compositional formula-
tion (Matthews & Baker 2003). By reversingthe roles
of the model and the image in the data term, the
gradients of the data term can be precomputed and
hencea large proportion of computation needsto be
doneonly once. The extensionsof the inversecompo-
sitional image alignment (ICIA) algorithm to robust
error normswasproposedin (Baker et al. 2003). With
this formulation, the Hessianof the data term cannot
be precomputed, despite the xed gradients, as the
derivativ e of the robust error terms cannot be precom-
puted. Although an e cien t approximation hasbeen
derived by assumingspatial coherenceof the outliers,
this implementation is not particularly e ectiv e for
automatic model building from databasesas the im-
agesare generally occlusion free, with outliers stem-
ming mainly from misalignmert, imagenoise,changes
in texture not yet accourted for by the texture model,
and interlacing e ects. The presenceof the smooth-
nessterm meansthat the Hessianneedsto be up-
dated and inverted at every iteration which is the
most costly part of the optimisation when there is
a large number of landmark points. Furthermore, for
the methods described in Section 4, the model is up-
dated after every image, requiring the gradients to

Figure 2:
Gaussianpyramid. Top row: Warps at higher pyra-
mid level. Bottom: Landmarks at current pyramid
level.

Initialising points in lower levels of the

be recomputed. Due to thesefactors, we predict that
usingthe ICIA formulation will not give dramatic im-
provemerts in e ciency and henceit was not incor-
porated into our implementation.

3.4.4 Gaussian Pyramid

Despite the use of the smoothing term, the optimi-
sation processmay still convergeto a local minimum
due to the high dimensionality of the problem. This
problem can be partially alleviated by optimising on
a Gaussian-gyramid.

There are issues however with regards to how
the shape is parametrised between the levels of the
pyramid. A pseudo-densecorrespondence at the
lowest level of the pyramid may result in an over
parametrised model at the highest level of the pyra-
mid, which results both in a slow alignment process
aswell asthe higher likelihood of getting stuck in lo-
cal minima. Instead, in this work we build a separate
model for ead level. Starting at the highest pyramid
level, a set of landmarks is chosenasdescribed in Sec-
tion 3.3.1. With this, an automatic model building
processdescribed in Section 4 is performed. Moving
down the pyramid, a new set of landmarks is chosen
from the referenceimage.

The propagation of these landmarks to other im-
agesis illustrated in Figure 2. First the landmarks
are downscaledto the previous pyramid level (bot-
tom to top left in Figure 2). Then the landmarks are
warped using the found correspondencefor that level
(top row), and nally up-scaledbadk to the current
pyramid level (top to bottom right).

With the smoothness term described in Sec-
tion 3.4.2, the use of the Gaussian pyramid allows
a sti regularisation parameter to be used as the
movemerns of points at every level will be relatively
small. This in turn allows the optimisation process
to better avoid local minima.

4 Incremen tal Mo del Building

Most approachesto automatic model building can be
classedas groupwise, where a model is iterativ ely re-
ned from aninitial estimateby rst tting it to eadh
image, followed by a reconstruction of a new model
from the tted images. One of the drawbadks of this
approad is that it doesnot take into accourt the se-
quertial nature of imagesin video. As sud, its initial
estimate of the model may be far from the optimum,
which may causethe algorithm to cornvergeslowly or
get stuck in local minima.

By assumingthat the appearanceof the visual ob-
jects varies slowly between consecutive frames in a



sequencethe model building processcan be posedas
a tracking problem. Although the complexity of the
warping function is much higher than most tracking
problems, which generally solve only for a similarity
or ane transform, the samemedanismsapply. We
start with an initial template, without loss of gen-
erality taken asthe rst imagein the sequenceand
propagatethe landmark positions to the other images
in the sequencehrough a consecutive alignmert pro-
cess. Unlik e typical tracking problems however, due
to the high dimensionality of the parameter space,
the alignment processmust generally utilise gradient
basedapproacesas non-gradient methods such as a
particle- lters will be too computationally expensive
to evaluate.

One of the main di culties assaiated with tem-
plate tracking is due to the changesin the object's
texture throughout the sequence Although this prob-
lem can be partially alleviated by using a robust error
function, asthe sequenceprogresseshe object's tex-
ture may undergosigni cant changessuc that treat-
ing them as outliers may lead to misalignmert. One
solution to this problem is to update the template
using the texture from the previous frame. However,
simply replacing the texture with the mostrecern im-
age makes the algorithm prone to drifting. In this
work, we investigate the utilit y of two adaptable tem-
plate approacesfor automatic model building from
image sequences.

4.1 Metho d 1: Grounded Templates

There are a number of approaches to the tem-
plate update problem which reducethe drifting phe-
nomenon, for example (Matthews, Ishikawa & Baker
2004) (zZhong, Jain & Dubuisson-Jolly 2000) (Loy,
Goedke, Rougeaux & Zelinsky 2000). In this work
we follow the approad of (Loy et al. 2000), where
the new template is de ned as a weighted combina-
tion of the initial template and the texture from the
most recen image:
Ti(x)= To()+ @ )Tt 1(x)

The parameter 2 (0:::1) is a grounding factor
which reducesthe drifting e ect whislt allowing the
template to adapt to the current object's texture.

As the template is updated once beforethe align-
ment processin the next image, the optimisation pro-
cessneedsonly be done over the landmark locations.
Therefore, the Jacobian of the data term in Equa-
tion (22) for this method is simply:

@V (x;p)
@

and the Gauss-Newton update in Equation (26) is
now given by:

(29)

Ja(x) = r (W (x;p)) (30)

p= [Ha+ Hsl 'lga+ 9] (1)
The output of the template matching algorithm is a
set of corresponding annotations in ewvery image in
the sequence,from which an appearancemodel can
be built in the usual manner.

4.2 Metho d 2: Incremen tal Texture Learning

One of the weaknesseof the template update ap-
proach isthat it takesinto accourt only the initial and
most recertly encourtered textures. As sud it makes
no use of the knowledge of the variations in texture

which have beenencourtered earlier in the sequence.

One possibility to incorporate this information is to

perform an incremertal model building processasthe
object is tracked throughout the sequence.

For this algorithm we utilise incremertal PCA (Li
2004)to update the model, rather than the template,
after matching to every new image. Starting with the
template of the rst image, we match it to the next
image using the approad described in Section 4.1.
Some of the variations captured as outliers may in
fact be intrinsic variations of the object rather than
just imagenoise. The texture of the newly alignedim-
ageis then usedas a new data instance for the linear
model, for which incremertal PCA is usedto integrate
it into the model. The amnesicfactor (a weighting be-
tweenthe current model and the new data instance)
is setto 17—, wheren is the number of samplesused

to build the current model, sothat every sampleinte-
grated into the model is given the sameimportance.
See(Li 2004)for details.

Oncethe model exhibits somelinear modesof vari-
ation apart from the mean, matching to the next im-
age should be done by simultaneously updating the
landmark locations and the texture parametersq us-
ing the update equations described in Section 3.4.3.
This way, imageswhich exhibit texture variations pre-
viously encourtered in the sequencewill be matched
better than using a xed template. Again, the data
term is formulated using the robust error function to
accourt for texture variations not yet encourtered in
the sequence.

5 Exp erimen ts

5.1 The AVOZES Database

AVOZES (Goedke & Millar 2004), the Audio-Video
Australian English Speed data corpus, is a database
of 20 speakers uttering a variety of phraseswhich was
designedfor researt on the statistical relationship
of audio and video speed parameterswith an audio-
video automatic speed recognition task in mind. Al-
though sparseannotations for the vital mouth points,
such as lip corners, are available, these points are
chosen manually and represert only a heuristic in-
tuition about their usefulnessfor automatic speedt
recognition. A more elaborate set of cues may be
useful for audio-video speedt recognition which may
not be directly obvious. AAMs, which encade both a
pseudo-densaet of landmark points aswell astexture
variations, provide a rich set of featuresto a speedt
recognition system which may allow better recogni-
tion rates to be achieved. An intensive study of the
application of AAMs in this domain can be found
in (Neti, Potaminos, Luettin, Matthews, Glotin &
Vergyri 2001).

In our experiments we usedthe cortin uous speed
sequencedor eat of the speakers exclusively. The
cortinuous speet part of AVOZES consistsof three
sequencesead with a dierent phrase. The length
of all sequencesrange from 90 to 150 frames. As
the video les in the databaseconsistof a stereopair,
warpedto half the height, we usedonly part of the se-
guencepertaining to the left camera, which we scaled
to the true ratio.

For eadh of the speakers, we performed both of
the imagebasedcorrespondencemethods describedin
Section4 on all three sequencesogether. Sincethere
may be large di erences between the start and end
of di erent sequencef the di erent phrases,we nd
the image which is most similar in the later two se-
guencedo animagein the rst sequenceAfter track-
ing through the rst sequencehe model is tracked in
the other sequencestarting from the most similar im-
age found previously, initialising the shape estimate
to the corresponding imagein the rst sequence.The
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Figure 3: Shape and texture model compactnessfor
every speaker in AVOZES. The models were built
from correspondencesfound using the grounded tem-
plate method with three settings of the regularisation
parameter = f1;10;100g.

tracking processin theseother sequencess performed
forwards and backwards until the beginning and end
of the sequencesespectivliey. From the resulting cor-
respondencesthe compactnessof the shape and tex-
ture modelsare calculated asdescribedin Section3.2.
The experiments were repeated for a number of set-
tings of the smoothing parameter

5.2 Results

In Figure 3 and 4, histograms of the shape and tex-
ture model compactnessof eat of the spealkers in
the AVOZES databasebuilt from correspondencesb-
tained using the methods described in Section4.1 are
shown for three di erent settings of the regularisation
parameter . Comparing the two methods, the shape
compactnessdi ers little between them. The main
di erence lies in the texture compactness,where the
incremertal texture learning method generatesmod-
elswhich are around twice ascompactfor most speak-
ers comparedto the grounded template method. As
discussedin Section 4.2, this result is expected as
the incremental texture learning retains memory of
previously encourtered texture variations. Also, as
the alignment processmay contain errors which may
accunulate throughout the sequence,this approac
is more constrained to valid texture instancesrather
than just the rst and mostrecerly encourtered tex-
ture, which may be erroneous.

Studying eath method independertly, as expected
the compactnessof the shape model improvesas is
increased. Perhaps somewhat more surprisingly, the
texture model's compactnessis e ected little by the
di erent settings of the regularisation parameter. We
attribute this to the fact that the texture model is
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Figure 4: Shape and texture model compactnessfor
every speaker in AVOZES. The models were built
from correspondencesfound using the incremertal
texture learning method with three settings of the
regularisation parameter = f1;10; 100g.

evaluated in a referenceframe. The e ect of this is
that for groups of landmarks which correspond to at
parts of the image, their movemerns cortribute little
to the changein the texture when projected onto the
referenceframe. As sud, shapes with signi cantly
di erent landmark locationsin these at regionsmay
result in very similar texture. An example of this is
shown in Figure 5. Landmarksin at regionsare more
likely to be perturbed by image noise and hence,for
the sametexture compactnessthe model with better
shape compactnessis generally a better model.
From the correspondencesin ead image, found
using the incremertal texture learning method with
= 100, we built a combined appearancemodel (see

Section3.1) using every 10" imagein the sequences.
The mean and rst mode of variation on all speak-
ers are showvn in Figure 7 and 8. Although the cor-
respondencesappear to be of high quality in most
speakers, obsened through the crispness of the im-
ages,there are a few for which the tracking method
seemedto have failed to obtain the correct corre-
spondencesacrossthe sequences.In particular, the
f7 and m5 speakers are particularly poor, where the
rst mode of variation seemsto entail the presence
or disappearanceof visual artefacts. Referring to the
texture compactnesshistograms in Figure 3 and 4 it
can be seenthat thesetwo speakers exhibit the least
compact model out of the databaseby a signi cant
margin.

It is clear that in these cases,the tracking pro-
cessusedto nd the correspondencesfailed signi -
cartly in parts of the image, resulting in the texture
model needingto accourt for variations due to mis-
alignment rather than intrinsic texture variations of



Figure 5: Two shapes with signicant landmark
di erences in at regions exhibiting similar texture
when projected to the referenceframe. Top: Shape
di erence. Middle: Shapes of two images. Bottom:
Texture projections onto the referenceimage.

the speaker. On closerinspection, wefound that these
two speakersexhibited signi cant motion towardsthe
cameraduring someparts of the sequencesExample
imagesfrom these sequencesare shown in Figure 6.
As sud, signi cant parts of the background are oc-
cluded whenthe speakersare closeto the camera,but
reappear when they are further from it. Becausethe
badkground exhibits some strong texture and colour
variations (seethe white strip behind the speaker's
heads), the disappearance/emergenceof these areas
perturb the alignment processsigni cantly, despite
using a robust error function.

As modelsof the other speakers, which exhibit rel-
atively small amournts of headmovemen, wereable to
be built compactly, we suspect that databaseswhich
exhibit a uniform badkground to not exhibit this prob-
lem. Howevwer, in caseswhere this is not practical,
one solution would be to initialise the feature points
within the faceregion exclusiwvely, either using a man-
ual crop in the rst image or using sometype of skin
colour detector. It should be noted however, that the
accuracy of the alignment around the peripheral of
the face using this approach may be inferior to that
which encades badkground.

As a nal note, although the methods tested
here have showvn to give reasonably compact mod-
els when no signi cant visual artifacts disappear or
emergethroughout the sequence becausethe corre-
spondencesare obtained in a pairwise manner the
model quality may be improved through a groupwise
method. In fact, the methods discussedin this work
can be used as a good initialisation for groupwise
methods which will encouragefaster corvergenceand
help avoid local minima.

Figure 6: Imagesfrom the f7 and m5 speakers which
illustrate the large di erences in scalea ecting con-
tent in the images.

6 Conclusion

In this work, we have investigated the utility of
adaptive tracking methods for automatically build-
ing pseudo-densecorrespondencesacrossa sequence
of a deformableobject, with an AV databaseasa test
case.We comparedtwo methods, the grounded tem-
plate and incremertal texture learning method, mea-
suring their performancethrough a shape and texture
compactnessmeasureaswell asa qualitativ e analysis
of the resulting linear models of variation.

Through extensive experiments we have shown
that this approad can be usedto build highly com-
pact models of a linearly deforming object which in-
cludesthe background in the image. We also found
that if the badkground exhibits signi cant texture,
despite being static, movemerts of the object which
causesthese textured regionsto be occluded or new
textured regionsto appear later in the sequencesig-
ni cantly degradesthe performance of this method.
However, we suspect that this is a problem exhib-
ited by most image based correspondence methods
which utilise di eomorphic warps and do not explic-
itly model the disappearanceor emergenceof visual
artifacts.

Future work on extending this method might in-
volve investigationsinto e ciency gains of using the
inverse compositional formulation, evaluating align-
ment error in the image rather than referenceframe,
and extensions to incremertal shape model learn-
ing. Although the methods investigatedin this paper
and their possibleextensionsallow signi cant savings
on human intervertion, requiring only one manual
markup per speaker, for large databasescontaining
thousandsof sequenceshis approach may be infeasi-
ble. The much moredi cult problem of nding corre-
spondencesacrosssequencef di erent instances of
the sameobiject class(di erent speakersin AVOZES,
for example) remains an open problem.

References

Baker, S., Gross, R. & Matthews, 1. (2003), Lucas-
Kanade 20yearson: A unifying framework: Part
3, Tedhnical report, Robotics Institute, Carnegie
Mellon University, Pittsburgh, PA.

Baker, S. & Matthews, |. (2002), Lucas-kanade 20
yearson: A unifying framework: Part 1, Ted-
nical Report CMU-RI-TR-02-16, Robotics In-
stitute, Carnegie Mellon University, Pittsburgh,
PA.



Baker, S., Matthews, I. & Sdneider, J. (2004), “Au-
tomatic construction of active appearancemod-
elsas an image coding problem’, IEEE Transac-
tions on Pattern Analysis and Machine Intelli-
gene 26(10), 1380{1384.

Black, M. & Anandan, P. (1993), The robust estima-
tion of multiple motions: A ne and piecewise-
smooth ow elds, Tednical report, Xerox
PARC.

Blake, A., Isard, M. & Reynard, D. (1994), Learning
to track curvesin motion, in IEEE Conference
on DecisionTheory and Control’, pp. 3788{3793.

Brox, T., Bruhn, A., Papenberg, N. & Weidert,
J. (2004), High accuracy optical ow estima-
tion based on theory of warping, in T. Pa-
jdla & J. Matas, eds, ‘8th European Conference
on Computer Vision', Vol. 4, Springer-Verlag,
Parague, Czet Republic, pp. 25{36.

Chui, H., Win, L., Scultz, R., Duncan, J. S. & Ran-
garajan, A. (2003), "A unied non-rigid feature
registration method for brain mapping', Medical
Image Analysis 7(2), 113{130.

Cootes, T. F., Edwards, G., Taylor, C. J., Burkhardt,
H. & Neuman, B. (1998), Active appearance
models, in "European Conferenceon Computer
Vision', Vol. 2, pp. 484{489.

Cootes, T. F., Marsland, S., Twining, C. J., Smith,
K. & Taylor, C. J. (2004), Groupwise di eomor-
phic non-rigid registration for automatic model
building, in "European Conferenceon Computer
Vision', pp. 316{327.

Cootes, T. F., Twining, C. J., Petrovic, V.,
Sdestowitz, R. & Taylor, C. J. (2005), Group-
wise construction of appearance models using
piece-wisea ne deformations, in "British Ma-
chine Vision Conference',Vol. 2, pp. 879{888.

Edwards, G., Taylor, C. J. & Cootes, T. F. (1998),
Interpreting face images using active appear-
ancemodels, in "IEEE International Conference
on Automatic Face and Gesture Recognition’,
pp. 300{305.

Goedke, R. & Millar, J. B. (2004), The audio-video
australian english speet data corpus avozes,in
“8th International Conferenceon Spoken Lan-
guage ProcessingINTERSPEECH 2004 - IC-
SLP', Vol. I11, ISCA, Jeju, Korea, pp. 2525{2528.

Hill, A. & Taylor, C. J. (1996), A method of non-rigid
correspondencefor automatic landmark identi -
cation, in “7th British Machine Vision Confer-
ence',Vol. 2, pp. 323{332.

Jebara, T. (2003), Images as bags of pixels, in "In-
ternational Conference on Computer Vision',
pp. 265{272.

Lehn-Sdiler, T., Hansen,L. K. & Larsen, J. (2005),
Mapping from speed to imagesusing contin uous
state spacemodels, in “Lecture Notes in Com-
puter Science', Vol. 3361, Springer, pp. 136 {
145.

Li, Y. (2004), "On incremertal and robust subspace
learning’, Pattern Recognition 37(7), 1509{1518.

Loy, G., Goeke, R., Rougeaux, S. & Zelinsky, A.
(2000), Stereo 3D lip tracking, in “6th Inter-
national Conference on Control, Automation,
Robotics and Vision', Singapore.

Matthews, |. & Baker, S. (2003), Active appear-
ance models revisited, Tecnical Report CMU-
RI-TR-03-02, Robotics Institute, Carnegie Mel-
lon University, Pittsburgh, PA.

Matthews, I., Ishikawa, T. & Baker, S. (2004), ‘"The
template update problem.', IEEE Transactions
on Pattern Analysis and Machine Intelligence
26(6), 810{815.

Mittrapiy anuruk, P., DeSouza,G. N. & Kak, A. C.
(2005), Accurate 3D tracking of rigid objects
with occlusion using active appearancemodels,
in IEEE Workshop on Motion and Video Com-
puting', pp. 90{95.

Neti, C., Potaminos, G., Luettin, J., Matthews,

l., Glotin, H. & Vergyri, D. (2001), Large-

vocabulary audio-visual speet recognition: A

summary of the john hopkins summer2000work-

shop, in "Workshop on Multimedia Signal Pro-
cessing(MMSP)', Cannes.

Savhney, H. S. & Ayer, S. (1996), "Compact repre-
seration of videos through dominant and mul-
tiple motion estimation’, IEEE Transactions
on Pattern Analysis and Machine Intelligence
18(8), 814{830.

Sdestowitz, R. S., Twining, C. J., Petrovic,
V. S., Cootes, T., Crum, B. & Taylor, C. J.
(2006), Non-rigid registration assessmenwith-
out ground truth, in “Medical Image Under-
standing and Analysis', Vol. 2, pp. 151{155.

Stegmann, M. B. & Larsson, H. B. (2003), Fast
registration of cardiac perfusion MRI, in ‘In-
ternational Scciety of Magnetic Resonanceln
Medicine', Toronto, Canada, p. 702.

Walker, K. N., Cootes, T. F., & Taylor, C. J.
(1999), Automatically building appearancemod-
els from image sequencesusing saliert features,
in D. T.Pridmore, ed., "British Machine Vision
Conference',Vol. 2, pp. 463{562.

Zhong, Y., Jain, A. K. & Dubuisson-Jolly, M. P.
(2000), "Object tracking using deformable tem-
plates', IEEE Transactionson Pattern Analysis
and Machine Intelligence 22(5), 544{549.



3p_ ! +3p_ 3p_ [ +3p_

Figure 7: The rst mode of variation of the female  Figure 8: The rst mode of variation of the male
spealkers in AVOZES, varied between three stan-  speakersin AVOZES, varied between three stan-
dard deviations. dard deviations.



