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Abstract

An improved technique for 3D head tracking under varyingnilination conditions is pro-
posed. The head is modeled as a texture mapped cylindekifigas formulated as an image
registration problem in the cylinder's texture map imagée Tesulting dynamic texture map
provides a stabilized view of the face that can be used ag toguany existing 2D techniques
for face recognition, facial expressions analysis, lipdieg, and eye tracking. To solve the
registration problem in the presence of lighting variatiand head motion, the residual error
of registration is modeled as a linear combination of testwarping templates and orthogonal
illumination templates. Fast and stable on-line trackisgachieved via regularized, weighted
least squares minimization of the registration error. Tlegularization term tends to limit
potential ambiguities that arise in the warping and illuafion templates. It enables stable
tracking over extended sequences. Tracking does not eguirecise initial fit of the model;
the system is initialized automatically using a simple 2Befdetector. The only assumption
is that the target is facing the camera in the first frame of sequence. The formulation
is tailored to take advantage of texture mapping hardwarailaile in many workstations,
PC's, and game consoles. The non-optimized implementatitat about 15 frames per
second on a SGI O2 graphic workstation. Extensive expetsr@mluating the effectiveness
of the formulation are reported. The sensitivity of the teghe to illumination, regularization
parameters, errors in the initial positioning and internehmera parameters are analyzed.
Examples and applications of tracking are reported.



1 Introduction

Three-dimensional head tracking is a crucial task for several applicatf@osnputer vision. Prob-
lems like face recognition, facial expression analysis, lip readitgy,are more likely to be solved
if a stabilized image is generated through a 3D head tracker. Determimng head position
and orientation is also fundamental in the development of vision-driven usdiacgsrand, more
generally, for head gesture recognition. Furthermore, head tracking carol¢lael development
of very low bit-rate model-based video coders for video telephony, and so on. Mesitibap-
plications for head tracking require robustness to significant head motion, changentation,
or scale. Moreover, they must work near video frame rates. Such requitemmake the problem
even more challenging.

In this paper, we propose an algorithm for 3D head tracking that extends the range of head
motion allowed by a planar tracker[6, 11, 16]. Our system uses a texture mappé&gldBBurface
model for the head. During tracking, each input video image is projected onto theestefdore
map of the model. Model parameters are updated via image registration iretexaprspace. The
output of the system is the 3D head parameters and a 2D dynamic texture map image. Tiie dyna
texture image provides a stabilized view of the face that can be used in djplgceequiring that
the position of the head is frontal and almost static. The system has the adgaotagplanar
face tracker (reasonable simplicity and robustness to initial positiobuny)ot the disadvantages
(difficulty in tracking out of plane rotations).

As will become evident in the experiments, our proposed technique can also impeopert
formance of a tracker based on the minimization of sum of squared differeB8&y {n presence
of illumination changes. To achieve this goal we solve the registration problemokgling the
residual error in a way similar to that proposed in [16]. The method employshagomal illumi-
nation basis that is pre-computed off-line over a training set of face inwjested under varying
illumination conditions.

In contrast to the previous approach of [16], the illumination basis is independent ofrthe pe
son to be tracked. Moreover, we propose the use of a regularizing term in tge negistration;
this improves the long-term robustness and precision of the SSD tracker aaydeA similar

approach to estimating affine image motions and changes of view is proposed by [5].aphei



proach employed an interesting analogy with parameterized optical flowaggn; however, their
iterative algorithm is unsuitable for real-time operation.

Some of the ideas presented in this paper were initially reported in [22, 28jidpaper we
report the full formulation and extensive experimental evaluation of our techniguearticular
the sensitivity of the technique to internal parameters as well as to emdhg initialization of
the model are analyzed using ground truth data sensed with a magnetic traclédi{the se-
quences used for the experiments and the corresponding ground truth data are publatyedvai

Furthermore, a software implementation of our system is available frorsiteis

2 Background

The formulation of the head tracking problem in terms of color image registratitime texture
map of a 3D cylindrical model was first developed in our previous work [22]. Singiladhodl,
Haro and Essa [30] proposed a technique for 3D head tracking using a full head texppedna
polygonal model. Recently Dellaert, Thrun and Thorpe [12] formulated the 3D trackiplginar
patches using texture mapping as the measurement model in an extended Kagmizarfikwork.

Several other techniques have been proposed for free head motion and face tr&oknegof
these techniques focus on 2D trackimgg(,[4, 9, 14, 16, 27, 35, 36]), while others focus on 3D
tracking or stabilization. Some methods for recovering 3D head paramegelosased on tracking
of salient points, features, or 2D image patches. The outputs of these 2D traahkdyes processed
by an extended Kalman filter to recover 3D structure, focal length andlfpose [2]. In [21],

a statistically-based 3D head model (eigen-head) is used to further corisieaestimated 3D
structure. Another point-based technique for 3D tracking is based on the tracking chfient
points on the face to estimate the head orientation with respect to theacptare[20].

Others use optic flow coupled to a 3D surface model. In [3], rigid body motion pagasnet
of an ellipsoid model are estimated from a flow field using a standard nuatron algorithm.
In another approach [10], flow is used to constrain the motion of an anatomicatlyated face
model and integrated with edge forces to improve tracking results. In [2éhder-feedback loop

was used to guide tracking for an image coding application.

Ihttp://ww. cs. bu. edu/ gr oups/ i vc/ HeadTr acki ng/



Still others employ more complex physically-based models for the face thatimtloth skin
and muscle dynamics for facial motion. In [34], deformable contour models werdutagk the
non-rigid facial motion while estimating muscle actuator controls. In [1&pmirol theoretic ap-
proach was employed, based on normalized correlation between the incomirgnddémplates.

Finally, global head motion can be tracked using a plane under perspective ipro[@¢t Re-
covered global planar motion is used to stabilize incoming images. Fa@edssion recognition
is accomplished by tracking deforming image patches in the stabilized images

Most of the above mentioned techniques are not able to track the face in presésnge 0b-
tations and some require accurate initial fit of the model to the data. Whilear@aproximation
addresses these problems somewhat, flattening the face introduces distattiestabilized im-
age and cannot model self occlusion effects. Our technique enables fast andstiidetracking
of extended sequences, despite noise and large variations in illumination. ibulsarthe image
registration process is made more robust and less sensitive to changgtimglihrough the use

of an illumination basis and regularization.

3 Basic ldea

Our technique is based directly on the incoming image stream; no optical flowagisin is re-
quired. The basic idea consists of using a texture mapped surface model to appréentatad,
accounting in this way for self-occlusions and to approximate head shape. We thénage
registration in the texture map to fit the model with the incoming data.

To explain how our technigue works, we will assume that the head is a cylinder wiétbra
wide image, or more precisely a video showing facial expression changesetexdpped onto the
cylindrical surface. Only an80°-wide slice of this texture is visible in any particular frame; this
corresponds with the visible portion of the face in each video image. If we knowitied position
of the cylinder then we can use the incoming image to compute the texture map for rietigur
visible portion, as shown in Fig. 1. The projection of the incoming frame onto thespmmeling
cylindrical surface depends only on the 3D position and orientation of the cylindenésti by
our algorithm), and on camera model (assumed known).

As a new frame is acquired it is possible to estimate the cylinder's ati@mtand position
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Figure 1:Mapping from image plane to texture map.

such that the texture extracted from the incoming frame best matches thencefedexture. In
other words, the 3D head parameters are estimated by performing imageatemish the model's
texture map. Due to the rotations of the head, the visible part of the texture can teel stith
respect to the reference texture. In the registration procedure we shoulddhsider only the
intersection of the two textures.

The registration parameters determine the projection of input video onto theewfahe
object. Taken as a sequence, the projected video images compulysaic texture mapThis
map provides a stabilized view of the face that is independent of the current Goanfaosition
and scale of the surface model.

In practice, heads are not cylindrical objects, so we should account for this imgaseior.
Moreover, changes in lighting (shadows and highlights) can have a relevacit &fieé must be
corrected in some way. In the rest of the paper, a detailed description dbrin@lation and
implementation will be given. An extensive experimental evaluation of theesysvill also be

described.



Figure 2:Generalized cylinder model constructed from average Gyhex head data (a). Model registered
with video (b) and the corresponding texture map (c). Onby plart of the texture corresponding to the
visible part of the model is shown

4 Formulation

The general formulation for a 3D texture mapped surface model will now be develojgpdl F
shows the various coordinate systems employed in this p&pey; z) is the 3D object-centered
coordinate system(u, v) is the image plane coordinate system,t) is the surface's parametric
coordinate system. The latter coordinate system) will be also referred to as the texture plane,
as this is the texture map of the model. Thewv) image coordinate system is defined over the
range[—1, 1] x [—1, 1], and the texture plang, ¢) is defined over the unit square.

The mapping betweefs, ¢) and(u, v) can be expressed as follows. First, assume a parametric
surface equation:

(.r,y,z,l) :X(Sat)’ 1)

where 3D surface points are in homogeneous coordinates.
If greater generality is desired, then a displacement function can be addeel parametric
surface equation:
X(s,t) = x(s,t) + n(s, t)d(s,t), 2

allowing displacement along the unit surface normals modulated by a scalar displacement
functiond(s, t). For an even more general model, a vector displacement field can be apphed to
surface.

An example of a cylinder with a normal displacement function applied is showigir2FThe
was model computed by averaging the Cyberware scans of several people in knovamgdsie

inclusion of a displacement function in the surface formula allows for moreldétaodeling of

°The average Cyberware scan was provided by Tony Jebara, of the MIT Media Lab.



the head. As will be discussed later, a more detailed model does not negegsétimore stable
tracking of the head.

The resulting surface can then be translated, rotated, and scaled viaridarsitt x 4 homo-
geneous transform:

Q=DR,R/R.S, 3

whereD is the translation matrix$ is the scaling matrix, an®®,, R,, R, are the Euler angle
rotation matrices.

Given a location(s, t) in the parametric surface space of the model, a point's location in the
image plane is obtained via a projective transform:

T

= PQx(s, 1), (4)

{u’ vow

where(u, v) = (v'/w',v'/w"), andP is a camera projection matrix:

100 0
P=[(010 0]. (5)

1

00 %1

The projection matrix depends on the focal lengthvhich in our system is assumed to be known.

The mapping betwee(s, t) and(u, v) coordinates can now be expressed in terms of a computer
graphics rendering of a parametric surface. The parameters of the mapping ithgdudsenslation,
rotation, and scaling of the model, in addition to the camera focal length. Abevéeen in the
next section, this formulation can be used to define image warping functions betveg¢en) and

(u,v) planes.

4.1 Image Warping

Each incoming image must be warped into the texture map. The warping functiospmamas to
the inverse texture mapping of the surfade, ¢) in arbitrary 3D position. In what follows we will
denote the warping function:

T =1(I,a) (6)

whereT(s, t) is the texture corresponding to the fraf{e, v) warped onto a surface(s, ¢t) with

rigid parametera. The parameter vectarcontains the position and orientation of the surface. An
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example of input framé& with cylinder model and the corresponding texture mapre shown in
Fig. 1.

4.2 Confidence Maps

As video is warped into the texture plane, not all pixels have equal confidence. sTdhig ito
nonuniform density of pixels as they are mapped between) and (s, ¢) space. As the input
image is inverse projected, all visible triangles have the same sizeeifstt) plane. However,
in the (u, v) image plane, the projections of the triangles have different sizes due to theliffe
orientations of the triangles, and due to perspective projection. An approximaisuneeof the
confidence can be derived in terms of the ratio of a triangle's area in videgeif, v) over the
triangle’s area in the texture map ¢). For parts of the texture corresponding to the non-visible
part of the surfac&(s, t) contribute no pixels and therefore have zero confidence.

Stated differently, the density of samples in the texture map is direekhed to the area of
each triangle in the image plane. This implies that the elements of thesinfde(s, ¢) plane do
not all carry the same amount of information. The amount of information carried barayke is
directly proportional to the number of pixels it contains in the input imBEgev).

Suppose we are given a trianglé3C' whose vertices in image coordinates arg v, ), (up, vp),
and (u.,v.), and in texture coordinates afe,,t,), (s, t,), and(s.,t.). Using a well known

formula of geometry, the corresponding confidence measure is:

\/|(ub — Ug) (Ve — vq) — (Vp — Vo) (Ue — Uy)|
K = :
V(s = sa)(te = ta) = (8 — ta) (¢ — )

Given this formula, it is possible to render a confidence figpin the (s, ¢) plane. The denomi-

(7)

nator is constant in the case of cylindrical or planar models, becauge, theriangle mesh does
not change.

In practice, the confidence map is generated using a standard triangulall atgarithm. The
map is first initialized to zero. Then each visible triangle is rendertzithe map with a fill value
corresponding to the confidence level. This approach allows the use of standardghgptigare
to accomplish the task.

Note also that, in the case of a cylindrical model, the texture ma@iswide but only a180°

part of the cylinder is visible at any instant. In general, we should assocmmaconfidence to
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the part of the texture corresponding to the back-facing portion of the surface.

The confidence map can be used to gain a more principled formulation of facigseralo-
rithms applied in the stabilized texture map image. In essence, the codide quantifies the
reliability of different portions of the face image. The non-uniformity of sampkasalso bias the
analysis, unless a robust weighted error residual scheme is employed. Amwsi#len later, the

resulting confidence map enables the use of weighted error residuals in thadrpokcedure.

4.3 Model Initialization

To start any registration based tracker, the model must be fit to thalifrdime to compute the
reference texture and the warping templates. This initialization candmgplished automatically
using a 2D face detector [29] and assuming that the subject is approximately fawiagls the
camera in the first frame. The approximate 3D position of the surface is theputechassuming
unit size. Note that assuming unit size is not a limitation, as the goal isitoastthe relative
motion of the head. In other words people with a large head will be tracked akéefdrom the
camera” and people with a smaller head as closer.

It is important to note that using a simple model for the head makes it possibéidably
initialize the system automatically. Simple models, like a cylindepine the estimation of fewer
parameters in automatic placement schemes. As will be confirmed in eyqres described in
Sec. 8, tracking with the cylinder model is relatively robust to slight pbetions in initialization.
A planar model [7] also offers these advantages; however, the experimentganitiiat this model
is not powerful enough to cope with the self-occlusions generated by large heaoih®tat

On the other hand, we have also experimented with a complex rigid head modeltgénera
averaging the Cyberware scans of several people in known position as shown Bising such
a model we were not able to automatically initialize the model, since thhertba many degrees
of freedom. Furthermore, tracking performance was markedly less robustttol@ions in the
model parameters. Even when fitting the detailed 3D model by hand, we were uoajdet
improvement in the tracker precision or stability over a simple cylearmodel. In contrast, the
cylindrical model can cope with large out-of-plane rotation, and it is robust tialization error
due to its relative simplicity.

Once the initial position and orientation of the modglis known, we can generate the refer-



ence texture and a collectionwarping templatethat will be used for the tracking. The reference
texture T, is computed by warping the initial framig onto the surface(s,¢). Each warping
template is computed by subtracting from the reference texiyréhe texture corresponding to

the initial framel, warped through a slightly mis-aligned cylinder. Those templates are then used
during the track to estimate the change of position and orientation of the cyliraderffame to
frame as will be explained later.

For notational convenience, all images are represented as long vectors oHbigitexico-

modela,, and a parameter displacement malNx= [n;, n,, ..., ng| we can compute the refer-
ence texturdl’y, and the warping templates mati#k= [by, b,, ..., bg]:
TU = F(Io, ao> (8)
bk :Tg —F(Ig,a0+nk) (9)

wheren,, is the parameter displacement vector for tHedifference vectob,, (warping template).

In practice, four difference vectors per model parameter are sufficiemtthE 4" parameter,
these four difference images correspond with the difference patterns théitbgshanging that
parameter bytd, and+26;. In our systemiK = 24 as we have six model parameters and four
templates per parameter. The values ofd¢hean be easily determined such that all the difference
images have the same energy. Note that the need for usingnd+20, is due to the fact that the
warping functionl'(I, a) is only locally linear ina. Experimental results confirmed this intuition.
An analysis of the extension of the region of linearity in a similar problem ismgin [8].

Fig. 3 shows a few difference images (warping templates) obtained for atypital image
using a cylindrical model. Note that the motion templates used in [5, 16] are cethputhe
image plane. In our case the templates are computed in the texture map plamdaAspproach

has been successfully used in [8, 15, 31].

4.4 [llumination

Tracking is based on the minimization of the sum of squared differences betheémcoming
texture and a reference texture. This minimization is inherently seegtiichanges in illumina-

tion. Better results can be achieved by minimizing the difference bettfeemcoming texture

10



Figure 3: Example of warping templatesTy is the reference texture. Warping templatgs b, andb;
correspond to translations along the y, z) axes. Warping templatds;, b; andbg correspond to the Euler
rotations. Note the similarity between the templates faizomtal translatiorb; and vertical rotatiorbs.
Note also the similarity between vertical translatibn and horizontal rotatiorb,. Only that part of the
template with non-zero confidence is shown.

and an illumination-adjusted version of the reference texture. If we asaumenbertian surface
in the absence of self-shadowing, then it has been shown that all the imagessaftbesurface
under different lighting conditions lie in a three-dimensional linear subspace optee ©f all
possible images of the object[32]. In this application, none of these conditions idvtaetover,
the non-linear image warping from image plane to texture plane distorts the tineftne three-
dimensional subspace. Nevertheless, we can still use a linear model@zraximation along the
lines of [16, 17]:

T — Ty ~ Uc. (20)

where the columns of the matrld = [u;, us, .. ., uy] constitute théllumination templatesand
c is the vector of the coefficients for the linear combination.

In [16], these templates are obtained by taking the singular value decompoS\ti@) for a
set of training images of the target subject taken under different lighting conditAn additional
training vector of ones is added to the training set to account for global brightnasgesharhe
main problem of this approach is that the illumination templates are subjpetident.

In our system, we generate a user-independent set of illumination templatess @one by
taking the SVD of a large set of textures corresponding to faces of different ssildggkoen under
varying illumination conditions. The SVD was computed after subtracting theageetexture
from each sample texture. The training set of faces we used was previagsigdbnd masked as
explained in [26]. In practice, we found that ten illumination templateswgefficient to account
for illumination changes.

Note that the illumination basis vectors tend to be low-frequency images. dimusnis-

11
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Figure 4: User-independent set of illumination templates. Only thet pf the texture with non-zero

confidence is shown.
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Figure 5: Example of the lighting correction on the reference textufer a given input textur&, the
reference textur@l'y is adjusted to account for change in illumination. The ilination-corrected reference
texture is computed in terms of a linear combination of illnation templates, + Uc.

alignment between the illumination basis and the reference texture is negligibhddition, an
elliptical binary maskKT, is applied on the illumination basis to prevent the noisy corners of the
textures from biasing the registration.

The illumination basis vectors for the cylindrical tracker are shown @ Ei Fig. 5 shows a
reference texture and the same image after the masking and the lightingioor(ectpracticeT,

Ty + Uc, andT).

4.5 Combined Parameterization

Following the line of [5, 16], a residual image is computed by taking the differentveclea the

incoming texture and the reference texture. This residual can be modelechasraclombination
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of illumination templates and warping templates:
T - Ty ~Bq+ Uc 11D

wherec andq are the vector of the coefficients of the linear combination. In our experiencs this i
reasonable approximation for low-energy residual textures. A multi-scaleagpusing Gaussian

pyramids [28] is used so that the system can handle higher energy residual te38]Jres [

5 Registration and Tracking

During initialization, the model is automatically positioned and scaled tbdihead in the image
plane as described in Sec. 4.3. The reference tetyris then obtained by projecting the initial
frame of the sequendg onto the visible part of the cylindrical surface. As a pre-computation, a
collection of warping templates is computed by taking the difference betweaeference texture
T, and the textures corresponding to warping of the input frame with slightly dispsaodace
parameters as described in Sec. 4.3.

Once the warping templates have been computed, the tracking can start. &aoputgrame
I is warped into the texture map using the current parameter estunat&his yields a texture
mapT. The residual pattern (difference between the reference texture and theduenage) is
modeled as a linear combination of the warping templ&eand illumination template®J that
model lighting effects (Eq. 11).

To find the warping parametess we first findc andq by solving the following weighted least
squares problem:

W(T — Ty) ~ W(Bq+ Uc) (12)

whereW = diag|[T,] * diag[T)] is the weighting matrix, accounting for the confidence weights

T,, and the elliptical binary mask, mentioned earlier.

If we define:
R = T-T,, (13)
C
X = , 14
q
M = [UB]. (15)
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The solution can be written:

X = argmxinHR—MXHW (16)
= M'W'WM| 'M"WTWR (17)
- KR (18)

whereK = MW WM] 'M!W'W and||x||y = x’ W Wx is a weighted L-2 norm. Due
to possible coupling between the warping templates and/or the illumination tespthe least
squares solution may become ill-conditioned. As will be seen, this conditioning prataerbe
averted through the use of a regularization term.
If we are interested only in the increment of the warping param&terwe may elect to com-
pute only they part ofx. Finally:
a=a +Aa (29)

whereAa = Nq.
Note that this computation requires only a few matrix multiplications and thersion of a
relatively small matrix. No iterative optimization [5] is involgen the process. This is why our

method is fast and can run at near NTSC video frame rate on inexpensive P@sr&sthtions.

5.1 Regularization

Independent of the weighting matrW, we have found that the matriX is sometimes close to
singular. This is a sort ajeneral aperture problerand is due mainly to the intrinsic ambiguity be-
tween small horizontal translation and vertical rotation, and betweail sertical translation and
horizontal rotation. Moreover, we found that a coupling exists between some ofuimniation
templates and the warping templates.

Fig. 6 shows the matri¥I’ M for a typical sequence using the cylindrical model. Each square
in the figure corresponds to an entry in the matrix. Bright values correspondangé Values in
the matrix, dark squares correspond with small values in the matrix. Ifytters were perfectly
decoupled, then all off-diagonal elements would be dark. In general, brighter off-disiemants
indicate a coupling between parameters.

By looking at the figure, it is possible to see the coupling that can cause ill-comdd. The

top-left part of the matrix is diagonal because it corresponds with the orthogonalnttion
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Figure 6:Example of matrix”’ M.

basis vectors. This is not true for bottom-right block of the matrix. This block of ta&im
corresponds with the warping basis images. Note that the coupling between war@ntepas
and appearance parameters is weaker than the coupling within the warpingsarapace. Such
couplings can lead to instability or ambiguity in the solutions for tracking. To redlue last kind
of coupling Schodl, Haro and Essa [30] used parameters that are linear caomsratt position
and orientation; however, under some conditions this may lead to uncorrelatecefsats in the
image plane.

To alleviate this problem, we regularize our system. The simplest possibleagbpconsists
of using truncated singular value decomposition (SVD)[18] to solve the leastespu@slem of

EqQ. 16. Given the truncated SVD of the matik:
M~ UZVT, (20)
and definingt = Vx we can rewrite Eq. 12 as:
WR ~ WUZX. (21)
The regularized solution can be obtained as follows:
x = Vx =V(U'WUZ) 'U'WR. (22)

A more principled approach consists of defining the regularizer by adding a penaityoténe

image energy shown in the previous section, and then minimize with respeantiy:

E = |(T - Ty) — (Ba+ Uc)|lw + nlc"Qc]

+ysla” + Nag]" Q,[a” + Naql. (23)
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The diagonal matrixX2, is the penalty term associated with the appearance paramedad the
diagonal matrix2,, is the penalty associated with the warping parameters

We can define:

| 0
p = | | (24)
i a
(1 o
N = , (25)
0 N,
10, o
Q = 7 (26)
7_29117
L v
and then rewrite the energy as:
E = ||R — Mx||w + v[p + Nx]"Q[p + Nx]. (27)
By taking the gradient of the energy with respeckt@nd equating it to zero we get:
x = [M'W'WM +yNTON] '"M"W'WR (28)
+ YMTWT WM + yNTON] " 'N"Qp (29)
— KR+ Qp (30)

whereK = [M" W WM-+yN"QN|"'M"W’W andQ = vy[M? W' WM-+yN"QN] 'N7Q.

As before, if we are interested only in the warping parameter estiriege,we can save com-
putation by solving only for the part ofx. We can then find\a.

The choice of a diagonal regularizer implicitly assumes that the subvactordq are inde-
pendent. In practice this is not the case. However, our experiments congistantied that the
performance of the regularized tracker is considerably superior with regpéte unregularized
one. Evaluation experiments will be described in Sec. 8.

The matrice$?, and(2,, were chosen for the following reasons. Recall that the appearance ba-
sisU is an eigenbasis for the texture space?/fis diagonal and with elements equal to the inverse
of the corresponding eigenvalues, then the penalty €, c is proportional to thalistance in
feature spadR6]. This term thus prevents an artificially large illumination term frdominating

and misleading the tracker.
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The diagonal matrixl,, is the penalty associated with the warping parameters (cylinder trans-
lation and rotation). We assume that the parameters are independently Galistsibuted around
the initial position. We can then chooQg to be diagonal, with diagonal terms equal to the inverse
of the expected variance for each parameter. In this way we prevent thegiara from explod-
ing when the track is lost. Our experience has shown that this term generalgsnit possible
to swiftly recover if the track is lost. We defined the standard devidtoreach parameter as a
guarter of the range that keeps the model entirely visible (within the window).

Note that this statistical model of the head motion is particularly suteditieo taken from
a fixed camera (for example a camera on the top of the computer monitor). In agewneeal
case (for example to track heads in movies) a random walk model [2, 21] would pydizabiore
effective. Furthermore, the assumption of independence of the parameters coeiddwed and

the full non-diagona x 6 covariance matrix estimated from example sequences.

6 System Implementation

For sake of comparison, we implemented the system using both a cylindrical antha slaface
X(s,t). To allow for larger displacements in the image plane we used a mult-§eahework.
The warping parameters are initially estimated at the higher level ddes&an pyramid and the
parameters are propagated to the lower level. In our implementation we fbahd two level
pyramid was sufficient. The first level of the texture map pyramid has@ugsn of 128 x 64
pixels.

The warping functioi’(I, a) was implemented to exploit texture mapping acceleration present
in modern computer graphics workstations. We represented both the cylindricahemptahar
models as sets of texture mapped triangles in 3D space. When the cylinder isrguqsei onto
the input video frame, each triangle in image plane maps the underlying pixels optitdriame to
the corresponding triangle in texture map. Bilinear interpolation was used ftexhee mapping.

The confidence map is generated using a standard triangular area fill algorithenmdp
is first initialized to zero. Then each visible triangle is rendered th®osmap with a fill value
corresponding to the confidence level. This approach allows the use of standard greptigare

to accomplish the task.
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The illumination basis has been computed from a MIT database[26] of 1,000 aligned fronta
view of faces under varying lighting conditions. Since all the faces are alignetiad/¢o deter-
mine by hand the position of the surface only once and then used the same warping @aramet
to compute the texture corresponding to each face. Finally, the average testsireomputed
and subtracted from all the textures before computing the SVD. In our experimentsund
that the first ten eigenimages are in general sufficient to model the global ghtion. If more
eigenimages were employed, the system could in principle model more prediselg &ke self-
shadowing. In practice, we observed that there is a significant coupling betihebigher-order
eigenimages and the warping templates, which would make the tracketdbss SThe eigenim-
ages where computed from the texture§ 2t x 64 resolution. The second level in the pyramid
was approximated by scaling the eigenimages.

The system was implemented in C++ and OpenGL on a SGI O2 graphic workstation. The
current version of the system runs at about 15 frames per second when reading theoimpait f
video stream. The off-line version used for the experiments can processdimed per second.
This is due to I/O overhead and decompression when reading the video input fromefileoviihe
software implementation, along with the eigenimages, and a number of test sesjieeacailable

from the web site: http://www.cs.bu.edu/groups/ivc/HeadTracking/.

7 Experimental Setup

During real time operation, in many cases, the cylindrical tracker @k tthe video stream in-
definitely — even in the presence of significant motion and out of plane rotations.euggwo
better test the sensitivity of the tracker and to better analyze itsslimie collected a large set of
more challenging sequences, such that the tracker breaks in some cases. @Gtbuddta was
simultaneously collected using a magnetic tracker.

The test sequences were collected with a Sony Handycam on a tripod. Grounatribsie
sequences was simultaneously collected via a “Flock of Birds” 3D magnetiketrgl]. The
video signal was digitized at 30 frames per second at a resoluti6a0ok 240 non-interleaved
using the standard SGI O2 video input hardware and then saved as Quicktime (MNBEG

compressed).
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To collect ground truth of the position and orientation of the head, the transmittiee ohag-
netic tracker was attached on the subject's head. The “Flock of Birds’nsyfdlemeasures the
relative position of the transmitter with respect to the receivein@hes) and the orientation (in
Euler angles) of the transmitter. The magnetic tracker, in an environmgotddef large metal
objects and electro-magnetic frequencies, has a positional accur@dyin€hes and angular ac-
curacy of0.5 degrees. Both accuracies are RMS averaged over the translationaliraaggpical
laboratory environment, with some metal furniture and computers, we expetienogver accu-
racy. However, the captured measurements were still good enough to evaliatial tracker. In
Figs. 8 and 9 it is possible to see how the noise level is certainly largettiiganominal accuracy

of the magnetic tracker.

7.1 TestData

We collected two classes of sequences. One set of sequences was calheleiedniform illumi-
nation conditions. The other set was collected under time varying illuminationtifieevarying
illumination has a uniform component and a sinusoidal directional component. All the sequenc
are 200 frames long (approximatively seven seconds) and contain free head ofateveral sub-
jects.

The first set consists of 45 sequences (nine sequences for each of five subecis)rider
uniform illumination where the subjects perform free head motion including iiosk, and both
in-plane and out-of-plane rotations. The second set consists of 27 sequences (nineesefpuenc
each of three subjects) taken under time varying illumination and where thecssiperform free
head motion. These sequences were taken such that the first frame is notatlive/maximum
of the illumination. All of the sequences and the corresponding ground truth are agalatihe:
http://www.cs.bu.edu/groups/ivc/HeadTracking/. The reader is encouraged tbeigieb site and
watch them to have a precise idea of the typology of motion and illumination iariat

Note that the measured ground truth and the estimate of the visual track&pessse=d in two
different coordinates systems. The estimated position is in a coordinaggrsilsit has its origin
in the camera plane and is known only up to a scale factor. Thisabsolute orientation problem
[19] as we have two sets of measurements expressed in two coordinate systerdgferent

position, orientation, and units. To avoid this problem, we carefully aligned tgmetic receiver
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and the camera such that the two coordinate systems were parallel (s&¢. Fitpe scale factor
in the three axis directions was then estimated using calibration sequeAtedasual tracker
estimates are then transformed according to these scale factors befoparison with ground

truth data.

A FoB transmitter

Camera FoB receiver

Figure 7: Camera and magnetic tracker coordinates systems. All theesees were taken under this
condition.

For the sake of comparing ground trutk. estimated position and orientation, we can safely
assume that at the first frame of the sequence the visual estimate is coinitletite ground

truth. The graphs reported in Figs. 8 and 9 are based on this assumption.

7.2 Performance Measures

Once the coordinate frames of magnetic tracker and visual tracker aredligne straightfor-
ward to define objective measures of performance of the system. We are mamtgrned about
stability andprecisionof the tracker.

We formally define these measures as a function of the Mahalanobis distanceéteesti-
mated and measured position and orientation. The covariance matriced ferettie computation
of the distance have been estimated over the entire set of collected sesjuém@articular we

define for any frame of the sequence two normalized errors:

ef- = [at,i - ﬁt,z’}TZt[at,i - ét,i] (31)

62 i [ar,i - ér,i]Tzr [ar,i - ér,i]; (32)

wheree, ; ande, ; are the error in the estimates of the translation and rotation atfiftee vectors

a;; anda, ; represent the visually estimated position and orientation at tiafter the alignment
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to the magnetic tracker coordinate frame. The corresponding magneticalsuredavalues for
translation and rotation are representechbyanda, ; respectively.

We can now define a measure of tracker stability in terms of the averagenpage of the test
sequence that the tracker was able to track before losing the target. Fakéhef®ur analysis, we
defined the track as lost whep; exceeded a fixed threshold. This threshold has been set equal to
2.0 by inspecting different sequences where the track was lost and the medsecogésponding
error as given by Eq. 32.

The precision of the tracker can be formally defined for each sequence as thes@osquare
error computed over the sequence up to the point where the track was lost (acdorthieglef-
inition of losing trackfrom above). It is important to discard the part of the sequences after the
track is lost as the corresponding estimates are totally insignificant ake tha measure of the
error useless. The positional and angular estimation erngranderr, for a particular sequence

can then be expressed as:

(33)
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whereN is the number of frames tracked before losing the track. For some of the expesjment
is also useful to analyze the precision of the single components of the estimatarilze defined

in a similar way.

8 System Evaluation

We evaluated our technique using the full set of sequences collected as destrived We
compared the effectiveness of a texture mapped cylindrical model as opposedct@mambdel.
We also evaluated the effect of the lighting correction term. Finalgeements were conducted
to quantify sensitivity to errors in the initial positioning, regularizatiomgmaeter settings, and
internal camera parameters.

Three versions of the head tracker algorithm were implemented and compaeefirsttracker
employed the full formulation: a cylindrical model with illumination correctiand regularization

terms (EqQ. 27). The second tracker was the same as the first cylindridedtraxcept without the
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Figure 8:Example tracking sequence collected with uniform illuntioe. Ground truth was collected via

a 3D “Flock of Birds” sensor. Images taken from test sequearte tracking with the cylindrical model
are shown in the top rows. The transmitter for the magnetickigr is visible in the image sequence; it is
the small box with the incoming wire that hangs on the suljdotad. The graphs depict estimated head
parameterss. ground truth. In all of the graphs, the dashed curve depgie@®stimate gained via the visual
tracker and the solid curve depicts the ground truth. Therfiis of graphs shows the x, y and z translation
respectively, where translation is measured in inches.s€khend row of graphs shows estimates for rotation
around the x, y, and z axes respectively, as measured inetegre

illumination correction term. The third tracker utilized a 3D planar mddedlefine the warping
functionT'(I, a); this model was meant to approximate planar head tracking formulations reported
in [5, 16]. Our implementation of the planar tracker included a regularizagion,tbut no illumi-

nation correction term.

Before detailed discussion of the experiments, two examples of trackingevdlhown. These
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Figure 9: Example test sequence and tracking with time varying ilhation. Frames taken from test
sequence and tracking with the cylindrical model are shawihé top rows. The graphs depict estimated
head parametenss. ground truth. In all of the graphs, the dashed curve dephe®stimate gained via the
visual tracker and the solid curve depicts the ground trdthe first row of graphs shows the x, y and z
translation respectively, where translation is measunadahes. The second row of graphs shows estimates
for rotation around the x, y, and z axes respectively, as aredsn degrees.

are intended to give an idea of the type of test sequences gathered and the tiesikitsgobtained.
In Fig. 8 a few frames from one of the test sequences are shown together withackieg
results. Three-dimensional head translation and orientation paramegergecovered using the
full tracker formulation that includes illumination correction and reguiation terms. The graphs
show the estimated rotation and translation parameters during trackingacedito ground truth.
The version of the tracker that used a planar model was unable to track the whoense without

losing track.
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Figure 10:Experiment 1: sensitivity of head trackers to the reguéi@n parametet,. Average perfor-
mance was determined over all the sequences taken under uniform illumination. In each grdghsolid
curve depicts performance for the cylindrical head trackih illumination correction, the dashed curve
depicts performance for the cylindrical tracker withoug¢ ihumination correction, and the dash-dot curve
depicts performance for the planar tracker. The first grdquws the average number of frames tracked over
the full test set of 45 sequences, taken under uniform ithatmdn. The second graph shows the average
position erroferr;. The third graph shows the average orientation efrey. The unit on the horizontal axis
of each graph i$og;((72)-

Fig. 9 shows a test sequence with varying illumination. Tracking results ulgimgination
correction is shown together with ground truth. The version of the cylindricakémawithout

lighting correction diverged around frange.

8.1 Experiment 1: General Performance of the Tracker

The first experiment was designed to test sensitivity of the three differacikers to variation in
the warping regularization parametgr Multiple trials were conducted. In each trial, was fixed
at a value ranging fromo0 to 10°. At each setting ofy,, the number of frames tracked and the
precision of the trackers was determined for all sequences in the firsedét®d sequences taken
under uniform illumination). For all trials in this experiment the focal lengta 10.0, the global
regularization parameter = 1.0, and~y, = 10°.

Graphs showing average stability and precision for the different tragkershown in Fig. 10.
On each graph, the solid curve depicts performance for the full head trackey th& cylindri-
cal model with illumination correction. The dashed curve depicts performamadeé cylindrical
tracker without the illumination correction. Finally, the dash-dot curve spoads to the perfor-
mance of the planar tracker. The horizontal axi$ois,(72). The curves show average perfor-

mance taken over all th& sequences.
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The performance of the two cylindrical trackers (with and without the illumamaterm) is

nearly identical. This is reasonable as the sequences used in this experinezattaken un-

der uniform illumination; therefore, the lighting correction term should have Idr no effect on
tracking performance. In contrast, the planar tracker performed generatge than the cylindri-

cal trackers; performance was very sensitive to setting of the regatimn parameter. Note also

that the precision of the planar tracker's position estimate seemsfoettav values ofy, (smaller

error). This is due to the error computation procedure that takes into account ordyféosames

that were tracked before track is lost. In our experience, when the treckery unstable and can
track on average less than% of each the test sequences, the corresponding precision measure is

not very useful.

8.2 Experiment 2: Lighting Correction

The second experiment was designed to evaluate the effect of the illuminatrecton term in
performance of the cylindrical tracker. In this experiment, the second sesbséquences was
used 27 sequences taken under time varying illumination conditions). For all the tgsésees
in the dataset, we computed the number of frames tracked and the precisiornraickter while
varying~,; over the range of(? to 10°. For all trials in this experiment, the focal length= 10.0,
the global regularization parameter= 1.0, and~y, = 10°.

The results of this experiment are reported in Fig. 11. In each graph, the sohel depicts
performance of the head tracker with illumination correction term. Forpzomaon, the perfor-
mance of the cylindrical tracker without the illumination correction terns wested, as shown by
the dashed curve in the graph. Each graph shows the average performance aviétébedet of
27 sequences taken under time varying illumination. The unit on the horizontal axislofesgzh
is logyo(71). The first graph in Fig. 11 shows the average number of frames tracked befoig los
track, as determined by Eq. 32. The second graph shows the average positienerrohe third
graph shows the average error in estimating orientatior),

As can be seen in the graphs, the stability of the tracker is greatly iragtbvough inclusion of
the illumination correction term. It is also interesting to note that gstesn is not very sensitive

to the regularization parameter. For a wide range of values of this parameter performance is
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Figure 11: Experiment 2: sensitivity of the cylindrical head trackerthe illumination regularization
parametery;. Average performance was measured over a test 8t eéquences taken under time varying
illumination, as described in the text. In each graph, thiel surve depicts performance of the cylindrical
tracker with illumination correction term. For comparisgrerformance of the cylindrical tracker without
illumination correction is reported (shown as dashed curiide first graph shows the average number of
frames tracked before loosing track. The second graph stieeverage position errefr;, while tracking
(before loosing track). The third graph shows the averagar @ estimating head orientatiatrr,., while
tracking (before loosing track). The unit on the horizoratais of each graph &g, (y1)-

approximatively constant, with performance dropping to the level of the non-illuromeorrected
tracker only when over-regularizing.

In this experiment, the precision of the tracker does not seem improved bygtiteng cor-
rection. This is reasonable as the precision is averaged only over thosesflafore losing the
track of the target. The tracker without lighting correction is as good as the amg the lighting
correction up to the first change in illumination; at that point the non-illuminatwrected model
usually loses the track immediately while the illumination-corrected momiginues tracking cor-

rectly.

8.3 Experiment 3: Sensitivity to Initial Positioning of the Model

Experiments were conducted to evaluate the sensitivity of the tracker taitia placement of
the model. Given that our system is completely automatic and that the factalete use [29] is
sometimes slightly imprecise, it is important to evaluate if the peréoroe of the tracker degrades
when the model is initially slightly misplaced. The experiments comparedtisiyof the planar
trackervs. the cylindrical tracker.

Experiments were conducted using the test set of 45 sequences, taken under ulifomaul

tion. Three sets of experimental trials were conducted. Each set test@thsy to one parameter
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that is estimated by the automatic face detector: horizontal positioncakeptsition, scale. In
each trial, the automatic face detector's parameter estimate ltgasdaby a fixed percentage:
+5%, +10%, +15%, and+20%. Over all the trials, the other parameters were fix¢d= 10.0,

v = 1.0, andy; = v, = 10°.

In the first set of trials, we perturbed the horizontal head position+b%, +10%, +15%,
and+20% the estimated face width. The graphs in Fig. 12 show the stability and pmecsihe
two head trackers, as averaged over all 45 test sequences. In ephhtgesolid curve depicts
performance of the cylindrical tracker and the dashed curve depicts perforroétice planar
tracker. The first graph shows the average number of frames tracked bedsiad track. The
second graph shows the average error in estimating as obtained during parts of the sequences
in which tracking was not lost. The third graph shows the etroy in estimating head orientation,
averaged over parts of the sequences in which tracking was not lost. The hdrazasshows the
percentage offset in the detectegosition of the face.

Similarly, in the second set of trials, we perturbed the vertical headipobvy +5%, +10%,
+15%, and+20% the estimated face height. The graphs in Fig. 13 show the performance of the
two trackers, as averaged over all 45 test sequences. As before, ihewwk in each graph
depicts performance of the cylindrical tracker and the dashed curve depioctsrpanice of the
planar tracker.

Finally, in the third set of trials, we measured performance of the systkan varying the
initial size of the detected face. This was meant to evaluate setsiiviracking to errors in
estimating the initial head scale. Fig. 14 shows graphs of performance of bokiets under such
conditions.

As expected, the planar tracker is almost insensitive to perturbations ofitiaé positioning
of the model. The cylindrical tracker, which out performed the planar model pradious experi-
ments in terms of precision and stability, is also not very sensitieertors in the initial positioning
of the model. This is a very interesting behavior as the main limitation of metailed 3-D head
trackers [10, 13] is the need for a precise initialization of the model. Atgmesuch precise
initialization cannot in general be performed in fast or automatic way.

Finally, it should be noted that these experiments were conducted by perturbing only-one pa

rameter at the time. In informal experiments, perturbing simultaneouslizagheontal position,
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Figure 12: Experiment 3: sensitivity of cylindrical and planar tracke errors in estimating horizontal
position of face. The horizontal position was perturbed4y/%, +10%, +£15%, and+20% of the face
width. The graphs show performance of the plavarthe cylindrical tracker, as averaged over all 45 test
sequences as described in the text. In all the graphs the@olve corresponds to the performance of the
cylindrical tracker, and the dashed curve to the planakeracThe horizontal axis of each graph is the
amount of perturbation added to theposition of the head. The first graph shows the average nuofber
frames tracked before track was lost. The second graph sth@s/erage error in estimating head position
err;. The third graph shows the average error in estimating headtation.
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Figure 13:Experiment 3 (continued): sensitivity of cylindrical anthipar tracker to errors in estimating
vertical position of face, as described in the text. In all graphs the solid curve corresponds to the per-
formance of the cylindrical tracker, and the dashed curvidéoplanar tracker. The horizontal axis of each
graph shows the offset added to the initigbosition of the head. The first graph shows the average num-
ber of frames tracked before track was lost. The second gshptvs the average error in estimating head
positionerr;. The third graph shows the average error in estimating hdadtation.

the vertical position and the size of the estimated face, yielded siragalts.

8.4 Experiment 4. Sensitivity to Focal Length

In our system the focal length is implicitly embedded in the warping fundiidna) of Eqg. 6.
The focal length is not estimated but it is assumed to be known. This experirasnhignded to

determine how the performance of the tracker is affected by the choice of thddagth.
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Figure 14:Experiment 3 (continued): Sensitivity of cylindrical antipar tracker to errors in estimating
the scale of the face. Estimated head scale was perturbed ¥y +10%, +15%, and+20%. The graphs
show performance of the planes. cylindrical trackers, as averaged over all 45 test sequeasealescribed
in the text. In all the graphs the solid curve correspondbégerformance of the cylindrical tracker, and the
dashed curve to the planar tracker. The horizontal axis cfi gaaph is the amount of perturbation added to
the head scale estimate. The first graph shows the averageenwfiframes tracked before track was lost.
The second graph shows the average error in estimating reesdtibp err; while tracking. The third graph
shows the average error in estimating head orientation.

We computed stability and precision for thetest sequences taken under uniform illumination
conditions using focal length equal 204, 8, 16, 32, and64. The results of this experiment are
reported in Fig. 15. In all the graphs the solid curve corresponds to the cylindacaktr and the
dashed line to the planar tracker. For all the trials in this experimenetpdarization parameters
were fixed:y = 1.0, 71 = 75 = 10°.

The average number of frames tracked is reported in the top graph in Fig. 15. &disiqm
of the trackers in estimating translation and rotation is reported irother graphs. For this ex-
periment we reported the precision with respect to the different parasnatethere are significant
differences in precision between them. The error graphs for translation Hieripree axes, y
and z are reported respectively in the second row of Fig. 15. Graphs of error in timeatsd
rotation are shown in the bottom row of Fig. 15.

Note that the planar tracker is relatively insensitive to the assuowal fength; the only com-
ponent adversely influenced was the estimate of the depth when the focal lengthebdoom
long. Similarly, the cylindrical tracker was somewhat sensitive fol\arort focal lengths and

also tended to mis-estimate the depth as the focal length became too long.
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Figure 15:Experiment 4: sensitivity of cylindrical and planar tracke the focal length. In all the graphs,
the solid curve corresponds to the cylindrical tracker areldashed curve to the planar tracker. The first
(top) graph shows the average number of frames tracked beesdt of 45 sequences, while varying focal
length. The next three graphs show the average error in astigithez, y andz position, respectively. The
bottom three graphs show the average error in estimatingpthgon about the, y andz axes, respectively.

9 Discussion

The experiments indicate that the cylindrical model generally allows tracKifapger sequences
than when using a planar model. Furthermore, it allows us to estimate marieglyethe 3D
rotations of the head. The error in the estimates of the position is on averglggystimaller when
using the planar tracker. This is not surprising as the planar tracker canagely estimate the

position of the head but tends to lose the target as soon as there is some significdrilane
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rotation. The difference in the behavior of the two trackers is even more evidd interactive
use of the system. Moreover, the cylindrical tracker is much less sengitithe regularization
parameter.

The use of an illumination correction term was shown to greatly improvedn®mrmance of
the system in the case of sequences taken under time-varying illuminationeffoadre, the exper-
iments indicated that the choice of the regularization parameter is naataind the performance
of the system remains approximately constant in a wide range of variability.

As exhibited in the experiments, the system is relatively insensitiarta in the initial es-
timate of the position and scale of the face. The precision and stability dfdbker remain
approximately constant for a range of initialization errors up% the size of the face detected.
It is also interesting to note that the focal length used in the warping funditbnot seem to be a
critical parameter of the system in the experiments. In practice, we foamd that this parameter
can be chosen very approximately without particular difficulties.

The experiments confirmed our hope that our tracker could overcome the biggest problem
of a planar tracker (instability in presence of out of plane rotations) withouhdosgs biggest
advantages (small sensitivity to initialization errors and low compartat load).

Beyond the quantitative testing reported in the previous section, we analyzethtnelly the
behavior of our technique through interactive use of the real-time version of thersySthis
analysis coherently confirmed the strengths and weaknesses that emerged figumariti@tive
testing.

In most cases, the cylindrical tracker is stable and precise enough to he uspfactical
applications. For example in an informal experiment we tried to control the nmaiséer with
small out of plane rotations of the head. After a few minutes of training the subyectsable to
control the pointer all over the computer screen with a precision of about 20-3@ pike¢ head
tracker has also been successfully tested in head gesture recogniti@xpaesision tracking [22].

We also analyzed which are the most common cases when the trackenthitsas the target.
We noticed that all of the cases where the target was lost were due to one ofdlafglreasons:
1) motion was too fast, 2) simultaneous large rotation around the verticalrakisuiage horizontal
translation, 3) simultaneous large rotations around the vertical and the horiaristad) very large

rotation around the vertical axis.
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The first failure mode can easily be addressed, through the use of higher resolutiorndieput
and then more levels in the Gaussian pyramids. Alternatively, this protdeild also be addressed
by using higher frame rate video input. The second source of instability is due to thelgene
aperture problem. This ambiguity is very well highlighted in Fig. 6 as an off didgeeeent in
the matrixM? M. The use of a regularization term greatly reduced this problem.

The other failure modes are due mainly to the fact the head is only approximateq/loyckec
This sometimes causes error in tracking large out-of-plane rotations of theAgathted earlier,
using a more detailed, displacement-mapped model did not seem to improvegrackstantially;
the resulting tracker tended to have greater sensitivity to initisinan our informal experiments.

A more promising approach for coping with large out-of-plane rotations would be to usethzor

one camera in observing the moving head.

10 Summary

In this paper, we proposed a fast, stable and accurate technique for 3D heaafgtiagkiesence
of varying lighting conditions. We presented experimental results that show hovechmigue
greatly improves the standard SSD tracking without the need of a subject-dep#inaenation
basis or the use of iterative techniques. Our method is accurate and stable draitigh éstimated
pose and orientation of the head is suitable for applications like head gestgeitemn and visual
user interfaces.

Extensive experiments using ground truth data showed that the system is very watbus
respect to errors in the initialization. The experiments also showedhbainly parameters that
we had to choose arbitrarily (the regularization parameters and the feregdhl) do not affect
dramatically the performance of the system. Using the same parameiegsethe system can
easily track sequences with different kinds of motion and/or illumination.

The texture map provides a stabilized view of the face that can be used falr éapression
recognition, and other applications requiring that the position of the head is frontadwigalmost
static. Furthermore, the formulation can be used for model-based very taatbivideo coding
of teleconferencing video. Moreover, the proposed technique utilizes texture majaypialgilities

that are common on entry level PC and workstations, running at NTSC video fedase r
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Nevertheless, our technique can still be improved on several fronts. Fompéxave believe

that the use of two cameras could greatly improve the performance of thettriackresence of

large out of plane rotations. In the future we also plan to develop a version of dhodhthat

employs robust cost functions [31]. We suspect that this could further improve tbisipreand

stability of the tracker in presence of occlusions.
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