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Abstract

This thesis presentaframewak for tracking head movements and capturing the movements of the
mouth and both the eyebroivsreattime. We present a head tracker which is a combination of a
optical flow and a template based trackdre estimation of the optical flow head trackeused as
starting point for the template tracker which fin@es the head estimation. This approach together
with re-updating the optical flow points prevents the head tracker from drifting. This combination
together with our switching scheme, makes ocatker very robust against fast movement and metion
blur. We also propose a way to reduce the influence of partial occlusion of the head. In both the optical
flow and the template based tracker we identify and exclude occluded pwihas.the position and
orientation of the head Isnown we use this together with the 3D model to find the mouth and
eyebrow movement$Ve use the head estimation to create a rectified image (RI) patch of the mouth
and eyebrow regions. The mouth tracking is done by findingghe mouth model deformations so
that the initial (closed) mouth is reconstructed. Eyebrow tracking is done by minimizing an error
function which depends on template similarity and an eyebrow shape con$waualuateour
framework andts different tackers, we have conducted experiments using thekmaiin Boston
Head Tracking databa§# and our own dataset. The results show tatiracker can successfully
track the head of different peopksiso, the combination of the optical flow and the template based
trackers reduces the number of head losses significantly when having fast movement eblonotion
Excluding occluded points from the tracking process makes the tracker less sensitivesioroadd
makest he Ahead | ost 0 THeeadsuwtsd theanouthnandregebrowarbckesstshow that
basic expressions can be captured and that they can recover very well after erroneous tracking.
Furthermore, we have evaluated the computatioa tifreach component of the framework and

measured aaverage total computation time of 35 ms, that is 29 fps.
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1 Introduction

Headtracking has been a topic of research for a long twndortunately,it is avery difficult
problem to solveThis is becausgou have to deal with problenssich asllumination changes,
occlusions, pose changes,tfavvementtc In fact, tracking the head is probahtyore difficult than
the more generalbject trackingoroblembecaus®f its smooth surface, face deformations due to
facial expressions, different faciahir andthe possiblglassesVarious methoghave been proposed
like using facialfeatures, Active Appearance Modetgdlaemplates to track the fac&ome of the
methods can successfully track the head and soe@soable to capture the movement of the facial
features e.g. mouth and eyebro®at theyalways require specific circumstances, training or are not
capable of realime performancen this thesis we propose a framework to track head movements and
capture mouth and eyebrow movements intiea¢. Also the influence ofllumination changs,
occlusions, different faces and fast movemgminimized as much as possible

To trackthe headindobtainits posewe combine two different approaches. First we tthek
movement oprojected modeboints usingan optical flow algorithm Using a mnimization technique
modeland tracked poistare registered to acquire theadpose Becausé¢his method alone suffers
from drifting and occlusions an extphase is introducedhich tracks the head based on a template
tracking approach. The extra phasa correct thérst estimationrand produces better estimationlo
improve robustnesg,methodto reducedrifting anda method to detect and remayecludedpointsin
the optical flow and in the template tracking phiag@oposed

When the pose of thhead is knowwe are able tarack the mouth and the eyebroB&cause we
know the head pose vatso roughlyknowthelocation of the mouth and eyebrowis.order totrack
the mouth and eyebrows we cregdetified image patches of the mouth and eyebmegons The
rectified image make it possible to redusearch complexitgandtherefore the algorithms are more
robust and less computational intensilze track the moutha template tracking approach combined
with a modelbased approach is propos@ie of the benefits of this approachhstit can handle the
mouth shape constraint very efficientlyacking the eyebrows is done mnimizing an error

function.The error function depends on ianage similarity functiorandeyebrow shape constrasnt

This thesis is organized as follows. Secttaeviews the different methods and the current state
of-the-art in head and facial feature tracking. Sec8aives some background infoation about
techniquesand methodsve use in our framework. We give a full description of our framework
Section4. In this section, the head, mouth, and eyebrows traekedescribed. Sectioh shows the
results otthedifferent experiments. We discuss the obtained resuisdtion6. Finally, in Sectiory

we give a conclusiomf our work.



2 Literature Study

A lot of work has been dorie the field ofheadtracking. There are a lot of different approaches
and methodgroposedAll of thesemethodshavetheir own advantageand disadvantage$here is
no approach that can do perfaeadtrackingi.e. thatit canhandle different kind obcclusions,
illumination changes, rotations and fast and slow movementalbindeattime. Most of the methods
only address one or two of the important problems in face tracking. Also many of them need to be
trained or initialized manuallyn this chgter wediscuss thenostimportant methodsThis chapter is
dividedinto two parts. The fit partis about estimatinghe pose of the heathe second part is about

trackingfacial features.

2.1 Head pose estimation

There are a lot of different approachegstimate the head pose, therefore we didgusshe
most important and promising onéxse estimation using facial features, Active Appearance Model,

motionbasedand texturebasednethods

2.1.1 Head Pose Estimation usingacial features

Head pose estimatioausing facial features usthe location of certain facial features like the
mouth, nos and eye to determine the head pd$ss is very similatot he way hmaniaends tobhees t
head pose of someor@ne of the benefits of estimating using facial feausghat it is avery
intuitive and simplevay of estimatinghe pose An example of the simplicity is the approach of
Yingjie Panret al.[2]. They useseven pointsocated orthe mouth, nose and eyesdirectly calculate
the pose using the positichange®f these pointsTheir approacttanestimatehe headposebutit is
notvery robust when dealing with for exampleclusions and different lightning conditiofghis is
due to the fact that completely dependsn the accuracy of the detected featulfesne feature is a
false positive then the pose estimation will feilith this approach iis very difficult to deal with
different faces, because it uses the relationships between the featstanadteehe pos®uang Ji
[3] uses only the pupil locations anchallipsoid face trackein combination withan IR (infra-red)
camerao gettheir pose estimate. They firdetect the pupils of the eyghen they uséhe pupil
locatiors as a starting point for their ellipsoid face trackeiteAthe ellipse is fitted onto the face they
calculate the pose using the position of the pupils and the shape of the ellipse. They achieved good
results One of he reasons the algorithm achieved good results is because they used an IR camera,
which let you detect pupils very easy and eliminates illumination prob\&@s: 0 nude a IR

camerawhich make thepose estimationsingtheirapproactstill possblebutwon 6t per f or m as



Wang & Sund4] proposed another method to estimate the.piisey make use of vanishing
points.Theyestimatehe pose by connecting the two outer and iimneuathcorners and asiming that
these lines are parall&Vith this assumption you can obtain the head pose if theyacorners and
the mouth corners are knawVang Sung& Venkateswarli5] propose to useanexpectation
maximization(EM) algorithmto deal with the variance of the facial model parameterthe ratio
between the eykne and the mouth lind hey found thatheir algorithm isreliable ands ableto
adaptto any individual A downside of using vanishing points is that all the vanishing lines must be
visible, this means thdarge rotatios andocclusions are not possibklso deformation of the face
e.g. talking will have aig influence on the performance.

Pose estimation ugg facial features ia simple andast methodand in specific cases it gisgood
results. The difficulty lies in detecting and tracking the features and handling missing or deformed
featuresBecause bits limitations and inflexibility head pose estimation using facial features is not a

good approach for our problem

2.1.2 Active Appearance ModelgAAM)

A very interesting and popular approaslthe use oActive Appearance Models (AAM). Active
Appearance Mdels were first introduced §ootes & Edward$6]. They use statistical shape and
texture models to form a combined appearance model. These shape and texture models are trained so
they&nowbthe mode®f variation in shape and texture. The training set consists of face images
which are manually annotated with landmark points to outline thePFaitesipal component analysis
(PCA) [7] is applied to th vector of landmarks to reduce its dimensionakiyally, the shape and
texture modes are combined to form the AAM. Now the modetlbamedthe relationship between
thedisplacement of thmodel parameters and the residual efforfit the model, e current residuals
are measured and the model is used to find a fit wieidces theesidual error. The minimization of
the residual error is done using a gradida approach and stops whtre L2 norm of the error
vector is below aertainthreshotl. An important thing to note ithatthe model must be initialized
close to the observed faaherwiseit will converge to a (incorrect) local minimurhhey got good
results on tracking a face using 88 labeled training images. 19% failed to convetye dngs who
converged wheraccurateUnfortunately it did notunin reattime. This was because of tlaege
number ofiterationsthat the search algorithneededo convergeAnother problem was that all the
landmarkshad tobe visible in each frame track the face. This makes it not robust against
occlusionsMatthews & Bakef8] introduced a fitting algorithm based threinverse compositional
image alignmenalgorithm[9]. Their algorithm achieved faster convergenoereasedhe number of
convergences anméducedhe computational costs of the algoritHbarnaika & Ahlberg[10]
improvedthe performance of the AAM algorithm by changing the search schiestead of

minimizing thedistance between the image atsdbest approximatiorthey minimized the distance
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betweentheimage and the synthesizislage assciated with the previous frame. Thisdified
search schemeo longer depends on the number of face modeshamefore the performance

improved

A major prolemof AAMsis that itis incapable ohandling partial occlusiorsross,Matthews &
Baker[11] propose aalgorithmto track faceshat contairpartial occlusionsThey proposean
algorithm to constructreAAM from training images witlpartial occludedacesandthey propose the
efficient robust normalizatioalgorithmwhich is capale of handlingocclusionsTo dealwith
occlusions they introduce a robust error functibmmake the algorithm cost efficient they assume
that outliers are special coherent i.e. there are constant in each triangle. With this assumption a lot of
computatbn can be moved outside of thearchiteration loop. This gave the algorithm reizhe
performanceSung, Kanade & Kinil2] proposedh method tanake AAMs suitable for tracking faces
across large posasiations andhey also proposed a method to obtain good pose parameters for re
initialization when there is a false fit. In their algorithm they combine Acippearancélodels and
a cylindrical head modeTheyusethe pose parameters obtained fréme cylindrical headas cue for
the AAM fitting and reinitialization parameters. The cylindrical head tracking algorith&hthey use
performs better whemacking larger movemesithenthe basic AAM By combining the two trackers

they improved the tracking rate and pose covesagaficantly.

Thebig advantage of AAMs is that they can find a very precise location of theanglldusgive a
good pose estimatioBut the main limitation is that itaccurag depends a lot on theaining sethat
is used This means thatre need a lot of different fas@and differeat posesn thetraining set ifwe
wantthe AAM to work on differentaces

2.1.3 Motion-basedHead Pose Estimation

A different butanothelintuitive methodto estimate the head possracking the headsing the
motion of the head or the motion of features on the fg®pular methodo acquireghe motion igo
usean optical flow algorithmlike described if14]. In[15] they described a method for tracking a
rigid headonvideo using optical flow. They used a technique caitetion regularizatiotogether
with an ellipsoid modeas a base forackingprocessThe main idea is to find the rigid motion of the
head model that accourtisstfor the optical flow First, the optical flow of each point is calculated
and then they use a gradient descent technique to find the best motion of the b&@adk&hn their
testis very stable over a large number of frames eweh whileusing sequences with a low frame rate
and noisy image®ecarlo & Metaxag16] proposed aoptical flowbasednethod toconstraint the
motions ofa deformable model. They relaxed the constraint uaikglman filter to deal with noisy
data. To prevent drifting caused by the optical flow, they combined optical flow information and edge

information.In [17] they tracked the projected model vertexes using optical lovestimate the pose



they did a pose prediction at every iteratignsolving the Least Squares of the motion parameters

The algorithm stops when a criterignsatisfiedand the pose is found

2.1.4 Template-basedHead Pose Estimation

Templatebased tracking is a well knewiracking approachlhe basic idea behind template
tracking is to copare the observed image witleaplate image and find the positithratgivesthe
bestmatch. One of the most important template tracking algosithitihe algorithm developed by
Lucas& Kanade[18]. The goal of the LucaKanade algorithm is to align a template image to an
input image. They did this by minimizing tisem of squared differencéSSD) betweethe template
and the input imagthat iswarped back onto the coordinate frame of the templdite expression in
equation(1) is minimized by the LucakKanade algorithm. Whem (& 1)) is the warp of pixek

using the parametess

['Yo "O0 © mm]?
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Theinnovativething they did was that they used the spatial intensity gradi¢hé émage in
combination with aninimization algorithm to find a good matdhwas a lot fastethanthe previous
algorithm because @xaminedar fewer potential matckelt could alsobe generalized to handle
rotation, scaling and sheariri@ecause the original Lucé&anade algoriim had to recompute the
hessian matriatevery iterationBaker & Matthew$9] proposé thelnverse Compositional
Algorithm andreformulated the image alignmeralgorithmso the hessiacouldbe precomputed

This resulted irequation(2) .
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This new algorithnperformsaswell as the original LucakKanade algorithm buit is less
computational expensivé@emplate trackers like the Luc&sinade performvell, butunfortunately
theyare sensitive to illumination changes, occlusions and drifimgpite of these shortcomingsgany
templatebased head trackers use the Lu€agade algorithm athe base for thie algorithm because

of its excellence

In [13] they created a 3D head tracker using a cylindrical model and a template {Faeketrack
the heady minimizing the SSD of the template and the imadee #emplate is projected onto a 3D



cylindrical model tdbetterdescribe thdhead motionThey use aiteratively reweighted least squares
(IRLS) technique to deal with the noigid motion and some of the occlusions. To deal with self
occlusions and gradiiillumination changeghey dynamically updatend reregisterthe template.
They achieved good resultShun, Kwon & Parf19] also used a cylindrical model and template
trackingto track the observeteadbutusea template update method to handle illumination changes.
To produce a more realistic model yheilized aGaussiamadial basis functio(RBF) to deform the

3D face modehccording to detected facial feature pointsn input imagesThisalsogavetheir

method the capability tdo facial animationdMatthews Ishikawa &Baker[20] andalsoused a
template update method to handle illumination charigpdating the template is a good way to
handle illumination problems bthere are some side effedfghen using the template update method
there is a bighancehat template errors accumulate over many frames. When this hatiygens
tracker will startdrifting. Schreibe21] extends théemplate update algorithf20] to deal with

drifting. They use aalgorithm similar to the algorithm dflatthews et al[20], but instead of updating
the template they use robust weights that are being updated from frame to frame. This proposed
algorithm performs better than the original algorithm and it still remainsXastle effect of the
algorithm B that it will mask out strong edgesich could be important features of the template.
Wolfgang[22] evaluated two illuminatioadaptive methods for template trackiBgightness

adaption by means of dlumination basisandatemplate updatstrategy.Their conclusionis that the

template updatmethod is more accurate and the prefeatuiceto use

2.2 Facial featuretracking

Estimating the head pose and tracking its facial featlikesthe mouth anéyebrow$ are closely
related. To track facial features you often neekinow the head pose so you have a rough estimate of
thelocation of thefeatures As discussed in the previous section, it is also podsilgdstimate the head
pose using the detedieracked facial feature®ecause they are closely related, tracking facial
featurescan sometimes be includedthe head tracking approadtor example, whenneActive
Appearance Model (AAM) is used, they oftémnot only track the head pose but alsxk facial
features like the mouth and the eyebr@sQ], [23]). In the case of AAMs, includinfacial feature
tracking (mouth and eyebrows) igexfi only a matter adidding additioal (featur§ parameters to the
minimization procesObviously, the facial features must also be annotated in the trainifg4et
uses a moreemplate based headtkerand iscapableof simultaneously tradikg the head and its
facial featuresUnfortunately, their approach only worksa controlled environment and did not

achieve real timgerformance

Tong, Wang, Zhu & J[R5], [26] present a miti-state hierarchical approach to track facial features
in near frontalview and half profileview. A two-level hierarchy is proposed to characterize the global

shapeof the face and the local detadlsthe facial components.olrepresent the feature points, Gabor



wavelets and gray lel/profiles are combinedlo deal with shape variations, they use rrathite local
shape modeldVith these multstate local shape rdels they can accoufdr nonlinear face

deformations which a singlgate model cannot account for. For example, they use three states (open,
closed and tightly closed) for the mouth. To improve the shape constraintsamised for the

feature searctthey use a estimation of thhead pose. d@track the facial features they use a multi

modal tracking approach thdynamically estimates the feature component states and the position of
the facial featuresiheir results show thaheir approach signifiantly improvethe accuracy and
robustness of the facial feature tracking under pose variations and face deformations.

Zhu & Ji[27] proposed a robust technique to detect and track facial featurs poratitime
under various face orientations and deformatiBegore tracking starts, thepughlylocate the
feature points in the image by positioning a face mesh on the observéd$aten thelocated eye
positiors. Then the point locations arefined by a nearest neighbor search approgeihrack the
points,first, Kalman filtering is used to give a prediction of the new position ofydeature point.
Next, a Gabor wavelet matching approach together with the predictions is used to detetctathe
feature point position. To deal with face deformations, they dynamically update the Gablet wave
coefficient atevery frame. To refine the obtained results and handle featahgsionthey also
included a shapeonstrained correction method. Thedsults where good and thaghievel realtime

performance.

An often used approach to track features esykciallythe mouth, is too use active conto[2§].
In [29] they use a combination of active contours and the -Keasde(LK) tracking algorithm to
track the mouthinitially, the mouth corners and vertical extrema of the lips are located using
luminancehue and gradient information of thesa and contour. Thethe contous of the lips are
traced and extracted by the active contour algorithm. The actual tracking is done with the LK
algorithm. The LKkalgorithm trackgheinitially detected points and is used as the initialization point
for theactive contour tracker in the next franiéis method works well, but only in a very controlled
environment and is thus not very practid¢al[30] they also extract thigp boundaries to track the
mouth movements. They first extract the mouth region andttieputer andhner lip boundaries are
tracedand extracted. The outer lip boundary is extracted using a Gradient Vector Flow (GVF) snake in
combination with parabil templatesas additional exteali force The parabola templates are two
parabolas describing the top and the bottom lip cdrlie.inner lipis tracked using similarity
function.Adding parabolic templates as external force improved the mouth tracking process. They
achieved good redgslon the Bernstein sequence datablag&1] they initially detect the pupils, nose
and mouth using a boosting algorithm and a setaafrfeatures. When the features are located, the
features are tr&ed using an optical flow base tracking algorithm. They also introduced a way to

detect and recover tracking failure using model constraints asehrehing for features. The results



where good compared to other algorithms and statgthat is has stranppotential as alternative

method for building feature detection algorithms.

Dahmane & Meunief32] presenta modified phaséase approach teeick facial features. For each
point in the facial featureshey generated a Gabor jet that independently ceitteznode. In general
it worked well, but it needs a large amount of manually annotated training samples. To overcome this
shortcoming they exteri@3] their approach by guiding the points using a maingialph of nodes.
These nodes are not expected to be deformable and arenioueraliableguide. This extension
prevents the accumulation of tracking errors and thus prevents drifting.

Su & Huarg [34] propose a facial feature tracking using a particle filtertzet@vepropagation.
Their contribution is that they extend the particle filter so that it can track multiple features
simultaneouslyNormally, an independenparticle filteris used for every featurbut they introduce a
spatiotemporal graphics model for tracking multiple fadedtures. Believe propagationusedto
infer the spatialrelationship between the different facial feagiThe relationships are learned
beforehand using a large facial expression database. The results show that they can robustly track

multiple facial features. Unfortunately, they have only tested their approach using a fixed camera.

2.3 Challenges and goak

One of the biggest challengekthis project is to crea@completeframework that can do real
time and robushead and facial feature tracking in a way that it feels naflinegd.means that the
tracking process must be preciseughto make it believale andso that it cannot beasily disrupted
by external factors like occlusion&nd if the tracker is disrupted it should be able to notice this and
correct or restart itself. Another challenge is to make the frameworlkraependenas possible i.e. it
relies as little as possible on for example training data or manual initialization, so that it works with

different faces and is easy to use.



3 Background

3.1 Definitions

Throughout the whole thesis we use a number of definitions and a certain writing stylen@tie
bold capital letters as matrices, bold lowercase letters as vectors and regular lowercaas letters

scalarsd is a transformation matriand _..=|= transforms points using the parameters specified in

F= Do Mg 1,00

Y= 4Add o ®

W
1" is a4 x 4 matrix, anCes= (&) is a colunn vectord ;,,4 ;,,9 4 are the rotation matrices

1
respectively around the x, y anéxis. is the scaling matrix anfjlis the translation matrix.

3.2 The CANDIDEmModel

In our framework we use tH@ANDIDE-3 model
(Figurel) to track the head and facial featur€éaNDIDE-
3is aparameterizethcemodelspecificallydeveloped for
modetbased coding diuman faceand is usedna wide
range of articles [(10], [23], [35], [36]). It hasalow
numberof polygons and consists of 113 vertexBse
model iscontrolled using local action units (Bs) which
allowsyouto animate the face e.gpen the mouth or lift

the eyebrowsWith the Shape units (SUs) you can changt

the shape of the modelg.the location of thenouth or

eyes.

The shape of the model is given bye af vertexes and
) Figurel: The CANDIDE3 wireframe model.
triangles. You camepresenthe model as 3N-vector]
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containing the coordinates of the verteaad where N is the number of verte>|a§s the base shape

of the modethatcan be reshaped to g|91using:

1=0+4 = 5

Where—|| and=arerespectiveljthe shapainits and the animatiennits., and| respectively
contain the shape and animation parametereshape the base shape.incorporate global motion
the equation can be rewrittém

=il f = - < o

Whered is the rotation matxi i is the scale andis the transdtion vectorOr it can be written as:

=
I=20+4 = o

Where! is an affine transformation matriXhe model can thus be parameterizedgffine
transformationshape and animation parameténshis project we useneshapeunit to place tk
mouth plus a additionaltenanimation unitswherefour of themareusedto animate the mouth and

six to animateboth eyebrows.

3.3 LevenbergMarquardt method

The Levenberdvlarquardt(LM) algorithm[37], [39] is an iterative optimization algorithm which
is particularly suited to finthe minimum of a multivariatbinctionthat is expressed as the sum of
squaresThe LM algorithm can be thought of as artwination of steepest descent and the Gauss
Newton method. It combines the strengths of the two methods. Steepest descent is slisw but it
guaranteed to converge and Galgsvton is fast but does not always conveilgeeseproperties
make the LM method popular optimization algorithm.

The LM algorithm gives a solution for tlm@nlinear least squares minimizatiproblem i.e.

minimizing a function in the forrof:

a

Of = 49
1

a

(8)
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Wheresis a vector of length, i is a function forrr® © s andd . ThenOcan be rewritten
asO+ = 4 (P2,

ThelLM algorithm chooses at each iteration an up’pléftdao the current estimatégsothat
+41 = Fo+1 Freduces the error functic®() i.e.O =4, < 0=, . The basis of the algorithm is
a linear approximation t®@in the neighborhood @F For asmallchange im:=|=/Eyou canwrite the
following approximation usinghe Taylor expansion.

P+ 0 F+ £ o)

Wherelis thed x & Jacobian matri&% containing the first partial derivatives ©f The

minimization is thuginding the update stépFwhich minimizes =+1 = . This measthat ateach
iteration we have to find the updatéwhich minimizesd 4 Y 4« Differentiating the squares in

(8) and equate with zero yields:

LYg L= I
t (10)
When you solve thisguation tg =|= than youget theGaussNewtonupdate step
= Cvly 110%
1= (I 1)

Levenberg and later Marquardt improved the algorithm by using a daGmexsNewton methad
The damping factar which is adjusted at every iteratiorfluences both the direction aftfie size of
the stepslf the damping value is large, the s‘te{ais near steepest descent direction which is good if
the current iterate is far from the solution' lis small aGaussNewtonlike stepis usedwhich is good
for the final stages of th&erationbecausef its quick convergencén (12) you can see the damped
equation.

(Mt = I 12)

- (YL ¢ b o1I¥
4= (DL b0y s



The LM algorithm stops when it meets one of the folluywonditions:

§ If the right hand size adquation(12)i.e. L dropsbelow a threshold;.

1 If the relative changef themagnitude of =|=drops below threshold,.
9 Or if the maximum nuilmer of iteratios is reached.

We based our implementation of the EdMigorithm on[39] and[40].

12
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4 The Framework

In this section wevill give a general atline and aletailed description of the metlsge use. First
we will give ashortoutlineandthenwe will focus onheadtracking anddealing withillumination
changes and occlusions. After teadtrackingwe will describe how wérack themouth and

eyebrows

4.1 General outline

Theframeworkcan be divided into two parts; a head tracking and a facial features tracking part.
The head tracking part is responsifieestimating the head pose ipastion, orientationand scalef
the headThe head trackinghethod isalsodivided into two phasethe first phase tracks the head

using optical flowtracked pointand the other phase tracks the head using a template tracking method.

In the first phase, projected model points are tracked ugingtecal flow afjorithm These points are
used to estimata roughhead poe. This is done by minimizing the distance between the tracked
projectedpoints and theorrespondingnodel poins. Minimizing the distance meamecovering the
model pose parameteffhe advantagef this optical flow tracking approachtisati t capableof
tracking the headspeciallywhenthe subjects moving fast Thedownside of the methad that it is
very prone to drifting and occlusionBo account for this we also introducenathodto prevent

drifting andto detectandremoveoutliers. To further improve the trackimge 6tfu meed t he

a template tracker. This template tracker compares the current image with a face template and tries to

find the head pose by minimizing thetdisce between the current image and the face template.

We track the mouth and eyebrow movements using two different trackers. For bottst@acker
rectified image of the regions is extracted.
asit is viewedfrom a frontalview. The mouth tracker uses the rectified image to track four parts of
the mouth; the two mouth corners, the upper and the lower lip. Instead of tracking these parts, the
tracker tries to reconstruct the initial (closed) modihis approach eliminates most of the shape
constraintsvhich andalsolead toa reduction of it€omplexity. The&econstructiofis done by

adjusting the Animation Units (AUs) of the model.

The eyebrow tracker uses a similar approach as the head teinptkei.e. it tries to minimize a
error function based on template similarByt thiserror function does not ontjepends on template
similarity but also on ahape constraint measuremafiie minimize the error function to get three
parameter valueshich describe the eyebrow movemeiriach parameter value represents the

displacementsside the rectified imagef one of the three eyebrow parts. The three parts are the two

pose

Thi
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eyebrow corners and the midgliartof the eyebrowThen we translate the d¢dined parameters to

AU parameterso we caranimate the model.

4.2 Head tracking

Theheadtracking partis divided in two phases;raoptical flow based tracking phase aad
template tracking based phase. In the optical flow phase, poitte face are traell using the
LucasKanade(LK) optical flow trackef14], [4]]. From thedisplacementf the tracked points ibi
possible tacomputethe movement athe head. For example, if you mabeehead to the leftall the
points will have the same displacement and direction to the left, Wwetrdtatethe head to the left
(around the yaxis)some points will move fastéan othersThis canhelp withfinding the head
movement between two frames using the optical flow of the pdiotfind tre newhead pos&e can
treat it as a minimization problem where we wargstmatehe pose of the model whiettcounts
best forthe tracked pointdNe do this by mininzing the distance between the peiint the previous
frame and the tracked point imetcurrent frameWe can formulatehis as an Iterative Closest Point
problem[42], [43] where we already have the corresponding points pairs. Using this app®eah
calculate the new pose of the head. Unfortunatisly approach alone is very prone to drifting and
occlusions. This is mainly because we use optical to track the pointsTo handle thiswe usean
additional template based track&he templatdasedracker uses the pose estimatenfrihe optical
flow method as a starting poittt do a more precise estimate The t emp | d4uned ttrhaecker
head pose and also correetost of the errors made by the optical flow tradkere-projecing and
updatingthe model pointgo prevent driftingUnfortunately the template tracker cannot correct all the
estimation errorsso wealsointroducea methodo detect and remove outliersin the optical flow
and the template trackbasedmnethod. Removing outlismakes the process more robust against

illumination changes and occlusions.

The whole head trackinfgamework consists of some additional partgjahimodel adaptation,
template extraction and poor tracking detection. Before we start the tracking pvecesed to adapt
the CANDIDE head model so it representsfamasmuchas possibleThis is important for the
extraction of the face templatedhfor theaccuracy of the feature trackef® do the model adaptation
and template extrédon we detect the face using abjectdetectorWe use th@bject detector which
is initially proposed byiola [44] and later improved by Lienhge5]. We use the standard OpenCV

implementation of this algorithm. Fonautline of the head tracking framework d$&gure?2.

(
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Initial preparation

Template based tracking
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Figure2: A general overview of the head tracking process

4.2.1 Initial preparations

Before we can stattackingthe face we have to know the initial positionttod head andve have
to make surehatthe moderesembleshefacewe want to tracktbie observed head)s much as
possiblelt is very important that thpositionof the models mouth ihe sames that of the observed
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head.This isbecausave need a precise mouth locatiarorder to make theouth tracker worland it
canalsoimprove the head tracking performance significarBlgforewe can determine the location of
the mouthwefirst need to know the position of the head dntlis rotated (around the-axis).

Locating the head is doneing the object detector proposed by Vipld] as mentioned beforé&o
calculate the rotation around thexes we also detect theouth and théwo eye locations using

Vi ol ads Vihemyvehave tletposition of the eysmwe can calculate the rotation (in radians)
around the &axis like this:

Yyo=cos ! @, —
a B 2 (14)

[ J el § ieic)

Wheregg=
‘m e o

is the unit vectoof thedifferencebetween theight andleft eyecenter

location.We also us¢he detected eyes to calculate the s¢abdé the head model.

Q7 (15)

Where Qum; IS the distance between thwdelsright and left eye centerlf the head is rotated
thenthe detected center of tbbservedead is not théreabcenter. To calculate thieealbcenter we
againmake use of theyes. We calculate theorrectionby calculating the average distance between

the eye locationef the modelnd the detected eye locations.

e + €4 tn (i + 4 o
%iigve: = > (16)

%iigdsn = € %iiave: (17)

Wheresmy IS the center point of theodels left eyand=sgg, is the ceter point of thanodels
right eye, s the detected head center vector i.e. head transiet@ior, 4, is the detected left eye
center andgqp is the detected right eye centéfhen we have théeabhead center we can calculate

the position of the mouth i.e. how much we need to moventteelsmouthvertically. We usehe
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candied shape uni{SU)to move the moutitHow muchthe mouth has to movs calculatedas

follows:

‘ O (wwt %iasm )
Naeoop= i (18)

Where is the detected mouth centasis therotation and scale corrected mouth center of the

model andQs the mouth SUWnove factor i.e’(defines theatethe SU moves. We us@= 10.

Now thatwe have adapted the model and kmow the initial position, scale and rotation of the

headmode| we can start tking.
4.2.2 Optical flow basedpre-estimation
\
N/

AL

W~
=

Figure3: The general fitting approach using optical flow.

We estimate thbeadpose using the motion of certain pts on the facale use the motion of
thesepoints to findthe modeltransformatiorthat accounts befbr the motion of thespoints For this
we use a 2D point registration approdElgure3). It is similar to the Iterative Ckest Point (ICP)
problem[43], but weminimize aslightly different error functiothenthe oneused in[43]. This gave
usabetter resultThe pointswve track are projected vertexodelpoints = . We could use afeature
detector like the Harris corner detectp46] or the SIFT algorithni47] to locate good point® track.
But because we noticed no real differencein performancewe chose the most simple approach,
projectingthe vertex points. This means that wieack113 pointsvhen using the CANDIDE model

(it has 113 vertexesJhe projection of the points is given:by
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(19)

Where||— is the(orthogonalyrojection matrix anl arethe vertexes of the model. The pGiak
will be tracked using thpyramidalimplementation of théucasKanade optical flovalgorithm[41].
We will denote theptical flowtracked points ass;sq andthe projected model pointSmy .
Because we want togister the corresponding optical flow trackemints with their corresponding
model poing, we need a way to measure the alignment of the points. For this we absahde
distance between the corresponding poMits.minimize he total length between the points. Sing

theabsolutedistancebetween pointsve get the followingesidual andkrror function

U

i =|= = ||'éflﬁ‘QQ @ (e Q+) (20)

0

O+ =i(H?

(21)

Where=|== [ Mow Mg Qi Q] is the motion parameter vectwith respectivelythe rotation
angles, scale and translation parametifss the number of points arnol (s ,,Q=|=) (seeequation(4))

transforms a point using the parameter#. i is theresidue and is a function froa1 © 5. We can
estimateour parameter$ by minimizing the error functio21). We found that minimizinghe
squaedsum of absolute differencé®0)is more robust fothis particulaproblem than the sum of
squared differenceshich is more often usedo minimize(21) we canmake use ofvell known
nonlinear optimization algorithms like &tientdescent or Gaudsewton, but ve will use the
LevenbergMarquardt (LM) algorithnj37], [38]. The LM algorithm can be thought of as a
combination of steepest descent and the Giegsgon method. It combines the strengths of the two
methods. Steepest descent is slow bist guaranteed to converge and Galewiton isfast butis not
guaranteed toonvergeThis combination makes the algorithm very fast and efficient and is therefore
a popular optimization algorithnY.ou can find a more detailed destigm about the LMalgorithm in
Section3.3

To minimize equatioi®, we need to compute the first order derivatives of equ&idie compute
the derivatives 0D using forward finite differencggl8]. An approximation of the first order

derivative can then be computedth (22) whenQis small.
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TA@ 00+ Q O
To 0 (22)

Now we know how to calculate the first order derivativeecan calculate the Jacobian malr%?

needed byhe LM algorithm.In our casethe Jacobian matrix islax 0 _matrix, where) _are the

number of pose parameters.

Unfortunately thd_evenbergMarquardt method is not robust against outliers. This is because the
algorithmassumeshat all observatias (point distancs) arecorrect.It does not expect outliers.
Because itg very likely that there will berroneougracked pointgoutliers)in the observation data
due to e.g. occlusion or fast movement, we need a way of dealing withTthisns usully done by
adding a robust estimattw the error functiotike the Lorentziarj48] or Huber[49] robust estimator.
Adding a robust estimator to therer functionensures thahe minimizations less influenced by the
outliers. We chooseot to usea robust estimatdsecause weoticedthat it did not perfornas well as
we would likein our caseOne of the reasorisr thisis thatwhen we add a robusstimationt takes
more iterations to minimize therrorfunctionand this resulti asignificantperformance decrease.
This happens because variant data has not as much influence asTasasebeneficial if the
variations are outliers, but whémey are notimportant variations are neglected which will result in a
slower or erroneous convergenémother reasois thatwhenwe adda robust estimatothe tracker
does nofunctionwell when the points are movirigst(i.e. when there is fast headovement)this is
becausdast movementiges a more variant data site to optical flow tracking errswhichthen
results in 6negl e cBedausghndlirg fag bead movementg was theamaino n s
reason to include an optidédw based kad trackewe did not use a robust estimator mstead we
detect and remove the outliers prior to the minimization provéssietect the outlier usirthis

criterion

£000Q , g 0)/,8$> 0

ST & =
EOORY W= o, GHO (23)

Wherewis the distance between a point pairis the median of all the point distancgss the
standard deviation of the distances aisl athresholdvalue we usao= 2.0 in ourimplementation.
We use the median instead of the mean of thiwdces, because the mediam@e robust to outliers.
The median haa higher breakdown poif@9] thanthe mean, which means ttihe median is not
influenced as much by outlieas the meais. The man has a breakdown point of 0 which means that

even one outlier can ruin the mean. The median has a breakdown point of 0.5 which means that
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q¢ 1)/20(¢ are the number of observatmandd@denotes the floor operatarj the observation
can be an outlier without making the median arbitrarily B&is makes the medianbetter choice to

use

Unl i ke the robust e stectandrenove tha puierscabevely itaksationdfo n 6t ¢
the minimization algorithm, but we detect and remove them prior to the minimization asishow
Figured4. Alsowe donodt use t h etrackedpoints, but e ustfe outlidrseoftibkeu r r e n t
previous trackegoints The advantage of this is that we know for sure (assuming that the previous
estimate is correct) which points are outliers and therefore there is no neevatuie the points in
every iteration like a robtigstimator doedJsing the outliers from the previotrackedpointshas the
disadvantagéhat it is always outdatethisme ans t hat sudden changes (occ
as outliersAnother problem with this outlier removal approach is thist itossibleo mistake outliers
for correctly tracked points and vice veshen there are a lot of erroneously tracked polniskily
this does not happen very often.

Optical flow based
tracking

* |

|
v

Projected
vertexes

Remove outliers

Y

Figure4: Outliersin the opticaflow based tracker

4.2.3 Template basedpose estimation

The emplate basettackeris a more accurate face tracland is used to correct and fineme the
pose parameters obtainleglthe optical flow based approadris tracker tracks a face template and
recvers thecorrespondingpose parametershe tracking pproach is similar tothertemplate
trackers likg 18] only we usea head model(CANDIDE), anormalized SSandwe removethe pixel
outliers Tracking the template can be seen as minimizing an error function lileithef squared
differences $SD or the sum of absolute differences (SAigtweerthe template and the observed
image.We will introduceour error functionafterexplaining the simgr SSD caseThebasicerror
functioni we useis (24), where == [ 0 ;.0 & 1,8, Q] is the parameter vectos,is thel ;-vector
of points and the residugg® 1.

m=i(eP="9e 00 oF (24)
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The 3D pointe-gin e are points located on the head model andreee e mp | at es wepi xel 6 |
wantto track @ o,=|= warps the points using the parametar$. ‘Q e retrieves the pixel intensities
of the template ahe locatios of the projected 3D pointe. Q) does the same only for the observed
image.Using error function we can define the following minimization function to minimize the SSD
of the template and the observed image.

m=|i=nAi (o, P2 5

Now wecan mhimize (25) with a minimization algorithm, we ughe LevenbergMarquardt (LM)
algorithm Minimizing (25) with the LM-algorithmresults in a head template tracker that converges in
about10 iteratiors to its minimum Note that thi®nly happens when an initial position close to the
actual head position is givellinimizing the squared differencegorks really well and is capable of
tracking thehead. Unfortunatelyusing only the squad differences makes the tracker very prone to
illumination changesTwo often used approaches to handle illumination changes are image
normalization and template updatif&{)], [21]. When using template updatiitgcan be tricky to
determine when to update the template. Ifdve rdé thisright it will resultin aserious erro
accumulation as described iB@ion2.1.4 Therefore we use the image normalization approafh.
usea modified version athezero mean normalized sum of squared differe(8SDN) [50] to
include normalizationwhile experimentingve foundthat ZSSDN performed better timthe
normalized sum of squared differen¢8SDN) or any othenormalizedsimilarity measureZSSDN

looks likethis:

Bagx @ g (Cad P2

Bz @WG @2 OBy (00w G (26)

ZSSD N=

@ @w is the pixel intensity of the tgohate image at pixel coordinat@andw "On w is the pixel
intensity of theobservedmage and'@and @enoterespectiveljthe averagtensity of the template

andthe observedmage If we rewrite(26) to anormalizedresidual function;¢; 4 we get:

b= 9 Q20 (C(QPY Ch(eP)?
Ne Qe (27)
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Thentheminimization functions:

m=|i=n'cﬁééid (o. P2 (20)

Unfortunatelyi; ¢4 is not very efficientCalculating the asrage intensity of the templatbe
observedmage and calculating in every iterations very expensiveWhen using the LM algorithm
the residual functioi¢; ¢ is called’@ U4 times(in worst case)Where'Gs the number of iteratian
andi are the number of parameters to estimatéch isi4 = 6 in our caseAnd withi;¢; 4 takes
four times longethani to compute and withdih having acomplexity oft (£2). Changing the
residual function toiz¢; ¢ will have a noticeable impact on the riate performanceSo we
propose not to use tmeean@ndv of thecurrent image, but to use the mexithe previouslyfitted
image'® ; and calculaté using the intensities of the previous imagéhenwe dothis we will have
to compute the mean andustonce per minimizatiorAnother advantage is that yealculate the
normalization factor using a correct éaicnage But becausave use the image information of the
previous image, it cannot handle sudden (per frame) illumination chargess actually not really a

problem because this occurs only in exceptional situations.

T o=|==["®(. G 0h eF Qi
Wiia ggia @ oy (30)

Now we propose a way of detecting and eliminating outliersexample caused lmcclusiors.
When outliers are detectéaey will be excluded from theninimization proces. If we exclude pimts
(outliers) from the minimizatiorit means thab which isused to calculattheresidual functions not
correct anymore. This is because calculated when the detected outliers where nagxatuded To

correct for this we need to alt7) into (31).

0= & 9@Q Q922 910N Qe (RP)
Ne Rey 1 (31)
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Where0 _are the number of poisito track in the curreminimization i.e. the template points
without the outlier pointsi_  are the number of pointssedin the previos minimizationandl'j_"
are thetotal number of pointén the templatelf we use(31)instead of{27), we can change the
amount of points we trackithout completely recalculating and thusefficiently exclude the outliers.

To detect the outliers we use the following criteria:

77N _ éém ] ."§2> ” e
SR 0= onm. G (33)
o= 'zé‘l a (34)
B"@.(."Q (’X 'm'fﬁi .)2
ne — 6. (35)

When thesquaredesidie of a pointe-gis more than the standard deviatiqnof e, we saythat the
point isan occluded or badly illuminated point and is thnsoutlier The pointshatare detected as
outliersare excluded in the next template trackiAfier everysuccessfully trackedeadwe re
determine the occluded poiritem e andexcludethem from the next trackingtep The benefit of
excluding the occluded points from the previous frame is that you are almost certain that the points are
really occluded andre not a variatiom the face. The drawbagckowever isthatit is possible that
occluded points aneot yet seen as outliers and thususedto track the templateé_uckily this does
not happervery oftenandit is thusnot really a problem

Anotherimportant aspect of the tracker is the selection of the template gbimesuse t@ many
points it will increase the computation time significantly and if we ugéetw points the tracker will
be very fast but not very accurafdso, we want to keephie computation time of the tracker constant
at different template scalés make it scalable when using differémiage resolutiondNe use a grid
of pointswhich we project onto the model to fitiser 3D locationon the modelThe advantage of

projectinga gridof pointsis that you can easily adjust the gside anddensity and thusasily change
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the resolution of the templaf€his makeghe grid ofpoints scalableand our preferred choickn

Figure5 you can see how the gnimtojection is done.

Figure5: Projecting the grid of points onto the face model.

4.2.4 Combined approach

The strength of our approach is the combination of optical flow based tracking and a template
basel trackerto track the headEach of the trackerkavetheir own strengths and weaknesses. Optical
flow base tracking is very good at tracking laggel fasimovements but is not always very
accurate. The template trackgfust the oppositelhe template tracker is very accuraté the initial
position must be close to tlaetualhead location which makes it not very good in handling largk
fastmovementsSaq, to obtainthe strengths of both trackers we combine them. First we track the head
using the optical flow based trackevkich gives us a rough estimate of theation and orientation of
the headThis rough estimate will be close to the real head locatiowleut c an o6t adh®ume t ha
actual headbcation. This is actually a perfect situation for the template bageetraso after the rough
estimate of the optical flow based tracker we-timee theestimateusing the template based tracker.

To prevent the optical flow based method from drifting and to correct its estimation erreprogect
and updatehe opticalflow points using the nely fine-tuned estimation of the heddsing this
approach will improve the trackirapdespecially when there moderateor slow head movement. It
also improvstracking large and fast head movensebutunfortunaely there is stl a big chance to
lose the head. This is duerprojectingand updatinghe optical flow points So to solve this
problem we try to detect when it is likely thhe tracker is not precigee. whenthe head moves too
fast). When this happense makesure that the optical flow points are not updated for a couple of

frames. So we update the optical flow points only when these conditions are met:
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T Quswo is smaller or the same as a distaf@nd the accuracy of the template tracker is
acceptablé.e. when errof31) of the template tracker is below a certain thresne use
Q= 10.

I The sandard deviatiof¢,se IS higherthana constanéand the accuracy of the

template tracker is acceptabiée used= 100.

Qiogo = Quefrisas  Qetiia

(36)

Where=|=éhdmé0 is theparameter vector obtained by the optical flnmectracker=|=m q IS the
parameter vector of the previous estin@téhe trackeand==is an arbitrary point on the head model.
Qeao gives the distance #ih thehead has moveilom the previous frame to the current frame
solelybasednthe estimaterom the optical flow trackerSo, we actually say thatwecast o6t r ust 6
the template head trackers estimaten the optical flow based tracker estimates a displaceshent
more tharQ There is always chance that the tracker will still lose the hela@ tofor example to
fast movement or occlusioli.this happens or whe@d; 5y < Qand the accuracy of the template
tracker s not acceptableve saythat the traker has losthe headWhenthe trackehas losthe head
werel ocat e t he hl[d4 (45 algoiithmandVYesab theaoptisal flow and the template

based trackeand restartbothtrackers

4.3 Mouth and eyebrow tracking

To track the mouth and the two eyebrows we propose two methods; one to track the mouth and one
to track each eyebrow. They will both make use of the head pose estimate obtained by tiaehkerad
(Section4.2). We use the head pose estimatiorettuce the complexity dfoth the mouth and the
eyebrow trackex With the head pose information weeat a rectified imagé€RI). To obtain the RI,
head points inside eertain area are warped back to a frontal \(gney are rectified)We also warp
the image to a constant image size which méd@plate matching possibdmdthis also makes the
computation time consta(ection5.3). Becawse we only warfeadpoints which are located ia
predefinedhe area, wsimultaneousleliminatebackground pixelsBoth the mouth and eyebrows are

tracked inside th&l. When the tracking is done, the resultsteaaslated bacto head coordinates.

4.3.1 Rectified image area

To calculate theectified imageQy;, we first need to locate the points on the head model. We do
this by projecting a x "Q2D point grid5) onto the mode{in frontal view) wheret x "Gis the

resolution of Q. The result will be @& x "Q3D point gridl . of pointslocated on the head model
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WherewN 1,8 ,0 andw M 1,8 Q, &, anddgare respectively thecreerwidth and the height

of the area we project.

Iﬁlc‘qd): ©0Q QA0 7 ) (39)

"O0Q | B0 ,mm, ;) retrieves the point of intersectia the projected?2D-point =, usingthe head
modelD .
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Lo (40)
£E0COQ

£6CN 0 Q

To obtainQy; we have taetrievethe interpolatedhtensitiesof the points irI o Wwith model
parameters-.

Qb ey, = Interpolate (1, W(J| 1 mFi:)) (41)

Interpolate(l,0) gives the interpolated value in imalgeith the coordinates.

4.3.2 Mouth tracking

Mouth tracking is one of the most difficult facfelatureto track, since it has a complex shape
highly deformableandcanmove fastHere we propose a methtamtrackthe most important

movements of the mouth i.e. opening/closing the yaw, raising/lowering the upper lip, moving the
mouth corners horizontally andntieally. These mouth movements are modeled using four



27

CANDIDE animation units (AUs)The tracker is based on a template tracking approach where we

trackboth mouth corners, the upper and the under lip/yabig problem of usingemplate tracking

for tradkking the mouthjs maintairing a valid shapeTemplate trackingloneis not robust enougto

preserve a valid the shape of the moWyte.cansolve this byinvertingt he pr obl em, we don
mouth parts, but we try to reconstruct thigal (closed mouthtemplate Goingfrom trackingthe

templates to reconstructinige initialtemplatedrasticaly reduces the seardomplexityandsimplifies

theshape constrainBecause the rectified image has the property that all points in the rectified image

have a location on the head model, this means that the RI points can easily be translated to model

points coordinateand viceversa We use this proper Bisceweknodr econstr
where the center of the mouth lies in the image and we Kmewstiape of the mouth, we also know

where the mouth corners and the upper and under lip lie in the image. And because we are
reconstructing the mouth to i tnmouthpartshaydtmemdup s hape
at the same locatian thereconstructed imagasin the initial image To do this, for every template,

we locate the best match in a certain area aroumtitd location(in the original shape). When we

find the location of the best matalwe transform the model using the asatax] Als so that this

mouth paris transformed back to its original location i.e. reconstructing the ntikatehownin

Figure®.

‘i >

Figure6: On the &ft the nonrectified mouth image, on the rigthe reconstructed mouth image.

Before we can tracthe mouth we first have to e&ct the templates of the mouthrts. We extract
an upper lip, bottom lip, left and right moutmrner templat¢Figure?). Thesetemplates are extracted
in the preparation stage when the fede frontal view. A rectified image of the mouth region is
obtained and the templates are extra@teoh this imageTo acquire the correct location of the
templates, we project the mouth pi@i from the model do the imagelt is important that the mouth
corners are located correctly, so we project the mouth corners onto the rectified image and search for a
more precise location using the Harris corner detg¢d@jr We only use the corner detector in a small
region around the projected mouth corieenwe usehe6 st r ongest 6 Harri s corne
location After locating and extracting the templates, we have the four locatighe ofouth part in

the rectified imagewe refer these pointase .
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Figure7: The template regions of the moftkft) and the eyebrovright) that are tracked.

For the actualracking process, at every frame dodeach temlate,a similarity map iscalculated.
For the upper and lower lip, this is a &nilarity map invertical direction. For the mouth corners,
this is a 2D map in vertical and horizontal directibhe maps are filled with ZSSHN values between
the area loation in the rectified image and the mouth templahés ZSSDN is slightlydifferent than
the one used iBection4.2.3 Here we doné6ét use the intensities

normalization, but we use the intensitiéshe wholetemplatesearch region for normalization.

Bagrd QR0 G (0Q+ @ @+ Fw P
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Similarity =

Us (43)

WhereQ,, and'Q; are respectively the horizontal and vertical oEsethe rectified image to the
similarity mapregion,’Gnd’Care respectively the horizontal and vertical ofigethe similarity map
regionto the templattmatchregion.ﬂ and=area set of2D point coordinates respectively in the
template and thsimilarity mapregionandi-yandig are the number of point coordinates in

respectivelythe template and the totsimilarity map.

When thesimilarity maps are calculated, we select the best reatphsearching for themallest
valuein eachsimilarity map The position of the best it (> is then used to calculate the
displacemerstof the mouth partslhe displacements are usedéoanstruct the mouth image to the
initial mouth imageTo reconstruct the mouth image we have to deform the model. We use the AUs of
the CANDIDE model to deform the mouth. We calculate the AU parametésbcavs:

|..: 'Q'r o, i"
(0} o °“qld (a4)
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Wherg s the AU parameter for AURG s the location of the best match of mouth f@ntthe
rectified imagesis the original location of mouth pagin the rectified imagewis therectified
imagepixel to modelpointratio andi s the rate AUQleforns. Deforming the mouth parts is the
same agmovingdthe templates back to their original position and thus reconstructing the mouth.

While template matching in combiti@n with a rectified image pfarms good, it is §t a problem
when the head is rotated to much around-asig. If the head is rotated too much, one of the mouth
corners will be partially or fully occluded. Since we use a simple similarity function, tipdstiem
tracking will fail when this occurdVesolve this rotation problem in a very straightforward way. If
the head rotation aund the yaxis is not betweecertain thresholgl than the displacement of the
occluded corner is the same as the-ooduded cornefthe other mouth cornefVe use a mamum
rotation of20° and 20°.

Algorithm 1: The mouth tracking algorithm

Begin
1. Acquire the rectified image region, pyojecting ararea onto the model.
2. Set the initial locations of the mouth parts.
3. Extract the 4 mouth part testates]).
4. for(every frameF)
a) Get the rectified imag&y; using the pose parametequs
b) for each(template ird|)
i) Calculate the similarity map df.
i) Find best match in the similarity map.
iii) Calculate template displacement.

c) Correct the locations dhe mouth parts when the head rotation around-#eds/is between
thresholdzi andi .

d) Calculate the new mouth AU parameters, by adding the obtained displacements to the
previous AU parameters. If the AUs exceed its minimum or maximum value, thesefittcs
respectively its minimum or maximum.

e) Deform the head model using the mouth AUs.

End

We calculate the final mouth AUs by adding the acquired AU displacements of the mouth parts to

their previous mouth AU parameter valdée final mouth AU paranter values aréhenchecked if
theyare plausible. We do this by checking if they fall betwaeartain minimum and maximum
value.If it exceeds the minimum or maximum, than the AU parameter value is set to the value it

exceededminimum or maximum)Thefinal outline of themouth tracking algorithm is shawabove
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4.3.3 Eyebrow tracking

Here we proposeneeyebrow tracking approach is different than the mouth tracker and
somewhat similar to the template head tracking approach. The main difference isdive¢ lnee an
additional internal constraint to enforce the eyebrow shBpebasic ida is to track an eyebrow that
consists of three partamiddle partandtwo outer parts€yebrow cornes). Each part can move in
vertical directionThis gives the eyelmw three degrees of freedom (3 DOR¥E animate the
eyebrow movements by using AU for each eyebrow part

Like the mouth tracker, we use a rectified image to simplify the tracking prét@sswealso
track the differenparsinside the rectified imge. The results are then transformed back to model
coordinates and the corresponding AU parameter values are calchtat@dtialization, the three
eyebrow parts arecated on the rectified image and the associated template for each part is extracted.
Thistemplate extracting approathexactlythe samesin themouth tacker sofor more infornation
see &ction4.3.2

The extracted eyebrow template parts are trabadinimizing an error function. This error
function depends on template similarity aad eyebrow shape constraiit/e define e error function

as follows

mi O'QF = 00Rd '@ @Y (45)

0= 1+ (FOOEO)

(46)
2
O cos 1 _—] - ) -_—] = 5
en s v 0 Sy waf S, we§ (Y
©040) = & > & (47)
(o] o

Where0 is a weight fmmction, and®o(¢) is the internal energy that enforces the shape constraint.
¢ is a vector with the optimal anglbetween two eyebrow partbis avector with the displacement
of the eyebrow parhithe ydirectionin therectified imageand theS3operator denotes the dot
product between two vectoM/e use a straight eyebrow model, so our shape sagdall 180°. If
we calculaté®o(¢) of one of the corner parta/fiich has only one neighbor panve usea mirrored

neighbor as its other ighborto calculate the angle e.q. if we calculate the internal energy of the left
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eyebrow corneix 1, we USGm, | = =yt =yt =g and withthe right corner we US| = megyt
= == .WIN equation(46)is a constant to relax or increase the internal energy constraint.
Increasingoenforces a more rigid eyebroWhes"(D=|=§ ‘@part of equatior45) is thesimilarity

measurédetween the rectified image and the template of eyebrow®art

We track the eyebrow paiby minimizingequation(48) using the LevelpergMarquardt (LM)
algorithm (®ction3.3). The mnimization result=|=isthentransformedo model space and translated
to AU parameter valueShe conversion from rectified image coordinates to model coordinates and
translating the resultes AU parameters valugs done in thesame way as the mouthaker inSection
4.3.2

m='Ln O (RH (48)

a1

Wherel are the number of eyebrow parts (we Gise 3), =|=has a length d and contains the-y

coordinates of the different eyebrow parts.
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5 Experiments

To examinethe accuracy of our proposédmework wedid anumber ofexperimentsFirst we
test therotationalaccuracyof ourtrackerusing a well know database. Second, we test thiational
and thevertical and horizontal movement accurathird, we evaluate thperformance of our tracker
when it has to deal with fast moving subjecFourth the robustness against occlusiomgether with
the influence of outlieremoval ordealingwith occlusiongs examinedFifth, wevisually inspectthe
performancef themouth and eyebrow trackefinally, we measure the computation times of the
different parts of the frameworka all experiments wase at least two different subjstd determine

the influence of different fasen the performance

In our experiments w/try to give a quantitative evaluationtb&é performance of our trackdyut
unfortunatelythis is not always possible. It requires accurateground truth whichs difficult to
acquire. There are a few methods to capture moverseatsasmanual annattion, magnetic sensors,
motion caption and inertial sensors. All these capture methodigscaremplex owvery expensive,
exceptfor the manual annotation methoficourse Sg, for most of the experiments we usemi
manual annotateddeosto examine th@erformance. The disadvantage of annotating the video image
by hand is that it is not very accurate, humans are just not capable of determining the exact location
and orientationBecause we develedthis tracker not to get an exact estimate but to getiavable
estimation of the position and orientation of the hdfasidjs not a probleminstead of a precise error
measurement, it is more important to know if the tracker follows the correct general.motretate
our performance to other researgbe also compare our trackimgsultswith the ground truthof the

BostonUniversityHead Tracking datmse1].

Tablel showswhich tracker configuration wesed for our expements.The used hardware

configuration is shown iffable2.

Tablel: The tracker properties used.

Property Value
Video size 640x480
Number of optical flow tracked points 113
Average number of template points 397
Max. number of iteration for pre-estimation 10
Max. number of iteration for template tracker 10
Rectified image size used for mouth tracér 100x60
Rectified image size used for eyebrow tragk  30x30
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Table2: PCconfiguration used to run the experiments.

Hardware
CPU Intel Core2 QUAD Q9550 2.84GH
RAM 4.00 GB DDR2
oS Windows 7pro. 64-bit

(program is compiled as 3it)
Webcam Logitech Quickcanpro 9000
OpenCV 1.1prela (32bit)

5.1 Head tracking

We performed three different experiments to evaluate the performance loéadiracker. First,
we measure the rotational performancewf headracker using the Boston UniversideadTracking
databas¢l]. Second, weneasuréghe translationahnd rotationaperformance and its capability to
handle fast movements. Finally, we tés tobustness against occlusion.

5.1.1 Experiment 1: Rotation performance

We use 39 video sequences from the Boston database9 Maeds are taking under uniform
illumination andthere are videos with five differeatibjectgseeFigure8). The subjects performed a
wi de range of different head rotationsetand trans
tracker to capture the ground truth dathis magnetic tracker has an positional accuracy of 0.1 inches
and an angular accuracy@b° but only when there are no large meteglectronic objects in the
room. Because the videagecaptured in anrevironment with standard furniture aeduipmentthe
accuracywill probably notbe as precise as statdal[51], from their own experience, theysoargue
that magnetic sensors are highly sensitivedise and small amounts of metal in the environment.
Despite the doubt of the precision of the captured ground truth, it is still a good data set to cmmpare t
because we are mainly interested in the general motion amprestise fit. Futtermore, thevideos
are captureavith a resolution of 320x240 awdth 30 frames per second.

I
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Figure8: The five different faces used in de Boston University database.

This experimenis designed to evaluate the rotation accurdoyustracker. The first thing the
tracker does is detecting the face and adjusting the modékté®ad modelits the headn the
video. In most of the video sequences in the Boston datasetracker does not detect the face in the
first frame andloes not have the same starting orientation as the groundTinighmeas that we

have to adjust our starting orientation to that ofgraind truth

Framet 60 Framet 120 Framet 180
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Figure9: An exampletackingsequencand its tracked result (top). In the graphs, the solid dgrear tracking
result and dashed curve is the ground toitthe sequence.

We defi

ne the tracking error &sllows:
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Where0 is the number of frames, is the number of videos (in our case= 39), U("Qis the
estimated value in tH@?frameand @ Qis theground truthvalue in thé®frame.Q; ¢5, Qi ¢ and
Qi ¢ o are respectively the rotation ers@round the x, y and z axis Table3 we compare our results
to the results o€hoi & Kim[52]. Choi & Kim comparedwo of theirmodelswith the Boston

University databaseve will compare our results to thdiestresults

Table3: The rotation errors

Boston University data set

Qito ) Qizo ) Qieo O
Our method 491 8.14 3.87

Choi & Kim  3.92 4.04 2.82

You notice thaourerroris relatively highcompared to the result @hoi & Kim. The difference
between our results and theissnainly because we do not use the same projection miodeigure9,
you can clearly see what happelns-igure9, six frames from one of the test sequences are shown
together with the tracking results. The graphs shows the rotation results compared to the ground truth.
The thing youmight notice is that the curves in the,»xand zrotation graphs are very similar to the
corresponding ground truth curves, but the curve in ff@ation graph is not. But when you look at
the tracked sequence you see that the head is correctly trabies caged by our projection model.
Our tracker perceives the perspective charagesed by for example translati@s, a rotational change.
Visually, t his wonot make a difference, but when
additional error. Despite dhis, it is still interesting to compare the results with the Boston University
ground truth.

Thereis one video where our tracker lost track of the héathis video, outracker lost track
twice, but it recovered itself very well and was able to camyith the tracking process&igurel0
andFigurel1 show theerroneoudracking and the result after recoveijhe graphs show clearthat
the tracker loses the head at frame 69 and 136 and recgvexsetting the tracker. Once the tracker

resets, the tracker immediately tries to fingeav andbetter estimate.
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Figurel0: The videosequenceavhere he tracker lost the head for a short moment.
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