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Abstract. 3D face tracking is an important component for many compuiter
sion applications. Most state-of-the-art tracking altjoris can be characterized
as being either intensity- or feature-based. The intetisted tracker relies on
the brightness constraint while the feature-based tragidézes 2D local feature
correspondences. In this paper, we propose a hybrid trdckeobust 3D face
tracking. Instead of relying on single source of informafithe hybrid tracker
integrates feature correspondence and brightness ciomstvédthin a nonlinear
optimization framework. The proposed method can track thea®e pose re-
liably in real-time. We have conducted a series of evaluatim compare the
performance of the proposed tracker with other state-efattt trackers. The ex-
periments consist of synthetic sequences with simulatfodifterent environ-
mental factors, real sequences with estimated ground &nthsequences from a
real-world HCI application. The proposed tracker is shoahé superior in both
accuracy and robustness.

1 Introduction

3D face tracking is a fundamental component for solving n@myputer vision prob-
lems. In this paper, we focus on tracking the 3D rigid motiérthe head. The esti-
mated 3D pose is useful for various face-related applinati®or example, in human-
computer interaction, the 3D pose can be used to determisers attention and mental
status. For expression analysis and face recognition,Bhieead pose can be used to
stabilize the face as a preprocess. The pose estimate caassist in 3D face recon-
struction from a monocular video.

The performance of a face tracker is affected by many facWtsle higher level
choices such as whether or not to use keyframes, how manyetoans whether to
update them online can alter the accuracy (and speed) aéitiet, a more fundamental
issue is the optimization algorithm and the related objedtiinctional. Most state-of-
the-art face tracking algorithms are affected by theseetfaetors:

— Prior knowledge of the approximate 3D structure of the sttlsjéace. In [1], Fida-
leo et al. have shown that the accuracy of the underlying 3Betwan dramatically
affect the tracking accuracy of a feature driven trackercMaf the performance
difference between tracking methods can be attributedeehioice of model: pla-
nar [2], ellipse [3], cylinder [4][5], and generic face omlgise geometry [6].



— Observed data in the 2D image. The tracker relies on thisrnimdition to estimate
the head pose. This includes feature locations [6][7]nisity values in a region
[4][5][8], or estimated motion flow fields [3][9].

— The computational framework, which can be roughly divided deterministic op-
timization and stochastic estimation [10]. For determiinisptimization methods,
an error function is defined using the observed 2D data anddahresponding es-
timated 2D data. Pose parameters are adjusted to minimgertior function. On
the other hand, stochastic estimation methods such aslpditiering define the
observation and transition density functions for trackiBgterministic methods
are typically more computationally efficient, while stostia methods are more
resistent to local minima.

For real-world applications, there are several conssdiesides tracking accuracy,
including computational efficiency and robustness of tiaeker. For real-time or in-
teractive applications, the tracker must be computatipe#ficient. Robustness can be
defined in several ways including robustness to noise,|#yad textureless video, in-
sensitivity to illumination changes, and resistance todkgression changes or other
local non-rigid deformation. The tracker should be ableu continuously for long
sequences, requiring a mechanism to prevent drift and acamulation.

In this paper, we propose a hybrid tracker for 3D face tragkinstead of rely-
ing on any single channel of information, the hybrid trackeegrates different visual
cues for face tracking. This idea is inspired by detailed parisons between existing
state-of-the-art head trackers [5][6]. Feature-basedhoukst such as [6][7] depend on
the ability to detect and match the same features in subséframes and keyframes.
The quantity, accuracy, and face coverage of the matchgsdetermines the recov-
ered pose quality. In contrast, intensity-based methodbk as [5] do not explicitly
require feature matching, but expect brightness consigtbatween the same image
patches in different images to compute the implicit flow ofghé. These two methods
are extensively examined in our experiments. Empiricatolaion suggests that nei-
ther’s definitely better among the existing face trackirgpathms; each tracker has its
own strengths but also comes with its weaknesses. Thus,digrdehe hybrid tracker
is expected to overcome the flaws of the single channel trackkile retaining their
strength. This is clearly demonstrated in our experiments.

The rest of this paper is organized as follows: We start viiehdiscussion and com-
parison of established ideas for intensity- and featusetdace tracking, in section 2.
Based on empirical observation, a hybrid tracking algamith proposed. The details of
this algorithm are illustrated in section 3. The proposebridytracker, along with the
intensity- and feature-based trackers, have been exantineslighly in various exper-
iments. These results are presented in section 4. Finalysammary and conclusion
are given in section 5.

2 Intensity- versus Feature-Based Tracker

This section compares intensity- and feature-based tracke prepare the readers, we
first review the individual algorithms. The selected repreative algorithms for each
class are [5] and [6] for the intensity- and feature-basethous, respectively. The



fundamental concepts of these trackers are summarizedhangader is referred to
the original papers for the specific details.

2.1 Intensity-Based Tracker

The intensity-based tracker performs optimization bagsethe brightness constraint.
To be more specific, Igt = {tx, ty, t;, wx, Wy, w,}' be the motion vector specifying
the 3D head pose. Given the pose in fratne 1, J¢_1, we define an error function
E( Cp)Tor [Ordhe incremental pose change between framel andt, as

1
Ee( (EMe-1) = M 3(F(P,0;pe-1)) — 1(F (p, OEMe—1)) 21 (1)
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hereQ is the face region anglis the 3D position of a point on the fadé.= P - M,
whereM (p, O Will transform the 3D position op as [ dpecified andP is a weak
perspective projectiod t(.) and1t~1(.) are the frame andt — 1 respectively.

This error function measures tletensity difference between the previous frame
and the transformed current frame. If the intensity coanisy is maintained and the
noise of intensity is Gaussian distributed, the minimumhag 2-norm error function
is guaranteed to be the optimal solution. Thus, by miningzhis error function with
respect to the 3D pose, we can estimate the change of 3D pdseaver the current
pose.

Off-line information can also be integrated into the optiation similar to Vacchetti
et al. [6]. The error functiofit, ( L)
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is defined between the current frame and the keyfraMgss the number of keyframes.
1'(.) andy; are the frame and pose of tifekeyframe. This error function can use both
off-line or on-line generated keyframes for estimatingliead pose.

A regularization term

1
Er(CEMe-1) =  [E(p,0; pe—1) — F(p, Cife—1) 3] )

peQ

can also be included to impose a smoothness constraintlevestimated motion vec-
tor.

The final error function for optimization is combination df)( (2), and (3):
Eint = E¢ + AEx + ArEr (4)

whereAy andA, are the weighting constants. This is a nonlinear optimizgpiroblem
and the iteratively reweighted least square is applied.



2.2 Feature-Based Tracker

The feature-based tracker minimizes the reprojectiorr efra set of 2D and 3D points
matched between frames. A keyframe in [6] consists of a s@Dofeature locations
detected on the face with a Harris corner detector and tlizpdsitions estimated by
back-projecting onto a registered 3D tracking model. Thgfrlene accuracy is de-
pendent on both the model alignment in the keyframe imagegdisas the geometric
structure of the tracking mesh. These points are matcheattthes in the previous
frame and combined with keyframe points for pose estimation
The reprojection error for the keyframe feature points fndel as:

1
Exe= @ —F(p,p) 2 (5)
peEK

wherek is the set of keyframe feature pointsy is the measured 2D feature point
corresponding to the keyframe feature pairat frame t, and- (p, i¢) is the projection
of p’s 3D position using pose parameters

To reduce jitter associated with single keyframe optinidzgtadditional correspon-
dences between the current and previous frame are addesléorthr term:

1 ]
E¢ = f — F (p, ue) GH @f ; — F(p, pe—1) 5] (6)
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where the 3D for the new points is estimated by back proja¢tidhe 3D model at the
current pose estimate.
The two terms are combined into the final error functional:

Efpt = Ex;t + Ext-1 + Et (7)

which is minimized using nonlinear optimization.

2.3 Comparison

Both tracking methods are model based, using an estimate&D shape of the face
and its projection onto the 2D image plane to define a reptiojeerror functional that
is minimized using a nonlinear optimization scheme. Thenof the error functionals
are nearly identical, differing only in the input featureasp on which the distance
function operates. Figure 1 illustrates the differencevieen these 2 trackers.

For the feature-based tracker, the reprojection error @soed as théeature dis-
tance between a set of key 2D features and their matched pointseiméiv image.
The tracker relies on robust correspondence between 2Dréesih successive frames
and keyframes, and thus the effectiveness of the featueetdetand the matching al-
gorithm is critical for the success of the tracker. In [6]cehetti et al. used the stan-
dard eigenvalue-based Harris corner detector. Using a efficeent and robust detector
should improve the feature-based tracker.

In contrast, the intensity-based tracker utilizes the Hirigss constraint between
similar patches in successive images and defines the enctidnal in terms ofnten-
sity differences at sample points.



Feature Based Tracker Intensity Based Tracker

Fig. 1. Difference in optimization source data for the featureeodsackerT e, and the intensity-
based trackefT,. Given a set of key feature points defined on a 3D model, aridghgection,
Te minimizes the total distance to matched feature pointsxelgpaceT; computes the pose
that minimizes the total intensity difference of pixels enthe feature points.

To determine the role of this input space on tracking acquvee perform a set
of controlled experiments on synthesized motion sequefsaessection 4 for details).
Feature-based methods are generally chosen for theifitstainider changing lighting
and other conditions, with the assumption that featuretiooa remain constant despite
these changes. For cases where there is insufficient teatutbe face (low resolu-
tion, poor focus, etc) the accuracy of feature methods dyidégrades. Intensity-based
methods are more widely applicable and can perform wellindohigh-texture cases,
however they are clearly sensitive to environmental changeis is demonstrated em-
pirically by testing on the near-infrared sequence.

3 The Hybrid Tracker

The empirical and theoretical comparison of intensity- &emture-based tracker in-
spires the hybrid tracking algorithm. In this section, wiormulate the 3D face track-
ing problem as a multi-objective optimization problem, anelsent an efficient method
to solve it. The robustness of the tracker is also discussed.

3.1 Integrating Multiple Visual Cues

Integrating multiple visual cues for face tracking can beiipreted as adjusting the
3D pose to fit multiple constraints. The hybrid tracker hag tlsjective functions with
different constraints to satisfy simultaneously: equatié and 7. This becomes a multi-
objective optimization problem. Scalarization is a comrtemhnique for solving multi-
objective optimization problems. The final error functisraiweighted combination of
the individual error functions 4 and 7:

E = aiEint + arEfpy (8)

wherea; andar are the weighting constants.



The hybrid tracker searches for the solution to minimizeagign 8. The process can
be interpreted as a nonlinear optimization based on bragistoonstraints, but regular-
ized with feature correspondence constraints. Idealjgahwo constraints compensate
for each other’s deficiencies. The feature point correspooés restrict the space of
feasible solutions for the intensity-based optimizatind helps the optimizer to escape
from local minima. The brightness constraint refines antilitas the feature-based
optimization. When there are not sufficient high qualitytéea matches, the intensity
constraint still provides adequate reliable measurenoertimization.

The convergence of feature-based optimization is mucleifdisan intensity-based
methods due to the high dimensionality of the image datalamdature of the associ-
ated imaging function. However, whéiyy is close to its optimurrE; still provides in-
formation to refine the registration. Therefore, an adamsheme is applied to choose
the weightsa; andag. At the beginning of the optimizatiorEs, has higher weight
and decreases when it approaches its optimum. At the samae ttie weight ofEj,;
increases when the optimization proceed. The overalildigion of the weights is also
affected by the number of matched features. In the case dEfaure correspondences,
the tracker reduces the weightBf.

3.2 Efficient Solution

The computational cost of the feature-based tracker is logvtd the relatively small
number of the matched features and the fast convergence afpttmization. On the
other hand, the intensity-based tracker is notorious &dnifjh computational cost. The
standard algorithm for solving this iterative least-sguproblem is slow, due to the
evaluation of a large Jacobian matfix = dF /0 and Hessian matrid ,Fu) " (1uF,),
wherely, is the gradient of the framk. This can be accelerated using the (forward)
compositional algorithm, but the evaluation of Hessiarilkrequired at each iteration.

Speed of the algorithm can be further improved using therge/eompositional
algorithm. In [11], Baker and Matthews proposed the invemapositional algorithm
to solve the image alignment problem efficiently. The samdifizations to the solver
can be made for this problem. In the inverse compositiorgdrghm, the Jacobian
and Hessian matrix are evaluated in a preprocessing stgpthanerror term is com-
puted during the optimization. To do this, the image is wdrpeeach iteration, and
the computed transform is inverted to compose with previtarssform. Here, warping
the image is equivalent to model projection. Since we kna2ih-3D correspondence
in 1¢_1, warpingl; for intensity difference evaluation is achieved by pradjegthe 3D
model and sampling to get the intensitylin

The inverse compositional version of the algorithm is:

— Preprocess
For Ej:: Compute the gradient image, the Jacobian, and the Hessifiirxm
For Ey: Perform feature detection dr, and feature matching betweén le_1,
and keyframes.
— Optimization
At each iteration:
1.1.Warp the face region df; to get the intensity.



1.2.Compute the intensity difference and the weight.
2.1.Project the feature points to get the 2D position.
2.2.Compute the reprojection error and weights.
3. Solve the linear system.
4. Update the pose.
— Postprocess
Back-project the face region and feature point$ghto the 3D face model.

In our experiments, for fast convergence and small faceregases, the speed of
forward and the inverse compositional algorithm is simifnis is true because the
preprocess of the inverse compositional algorithm takesertime. However, as the
face region or the iteration number increases, the benetfiteofnverse compositional
algorithm becomes clear, since each iteration takes less Besides, this direct ex-
tension of inverse compositional algorithm to 3D-2D aliggmhis not mathematically
equivalent to the forward compositional algorithm, as désed in [12]. However, in
our experiments, it still shows good performance for edtiimga3D head pose.

3.3 Improving the Robustness

Robustness is an important issue for 3D face tracking. Wdantipe m-estimator [13]
technique for optimization, which improve the robustnegaiast outlier and noise.

Combining the feature correspondence constraint with tightmess constraint for
face tracking intrinsically improves the robustness. \liid proper weighting, we over-
come the instability of the feature-based optimizationduasufficient or poor feature
matching. The sensitivity of the intensity-based optirticrais also reduced, as many
plausible solutions are ruled out by the feature correspooé constraints. This is espe-
cially useful for lighting variation. Lighting changes afft the intensity on the face, and
violate the underlying brightness consistency assumjgiidine intensity-based tracker.
However, several existing feature detectors have beenrstwbe robust (or less sensi-
tive) to the illumination change, for example the SIFT d&ie§l4]. In our implemen-
tation, we choose the SIFT detector as the underlying featatector for its superior
performance reported in the literature. Hence, the exddhfetature correspondence and
the resulting hybrid tracker is more resistent to the illnation change.

Robustness to non-rigid deformation is another issue.eSivec only focus on the
rigid motion of the head, the local non-rigid motion shou&rkgarded as the noise for
this framework. It has been shown that better results areaeth by utilizing feature-
based methods. However, it turns out that this performaa@eig not strictly due to
the use of features over intensity.

A fundamental part of the feature-based tracker is the feahatching stage. Dur-
ing feature matching, candidates with low region-corietatire rejected as outliers and
therefore not included in the optimization stage. The e¢fédc¢his is that the majority
of feature points used in the optimization belong to rigieiaar of the face. On the other
hand, the weighting scheme of the intensity-based methlycdtonsiders the pixel-wise
intensity difference. This difference will be near zero andeformation, as deforma-
tion does not alter the intensity of the single pixel. Indtghe deformation alters the



composition of local patch. Thus, it suggests the use obregiise intensity differences
instead of pixel-wise intensity differences.

The intensity of each pixel is modified as the weighted awedghe intensity of
its neighbors. The idea is that if this point is located in ghty deformable area, the
composition of the region changes significantly, thus thigited average is changed.
Combining with the m-estimator technique, the proposetbrepased intensity differ-
ence improves the robustness by implicit decreasing thghweif pixels in the highly
deformable area.

4 Experiments

A series of tracker evaluations are performed. The firstisetperiments uses synthetic
sequences. Using synthetic sequences guarantees exawctidroth is available. We
have full control over sequence generation, and thus cdatéseach factor and test
the tracker’s response. The next experiment tests thempeaftce of the tracker in real
video sequences. The collected video sequences and onelperithmark database are
used for evaluation. In a third experiment we test the paréorce on textureless videos.
We have a real-world application that demands the use of minfeared camera. The
face tracker is used to extract head pose for human-comiptéeaction. We present
tracking results of the proposed hybrid tracker in this lgmajing setting.

The proposed tracker, and the existing state-of-the-aoking algorithms are evalu-
ated and compared. The feature-based tracker is an implatioerof [6]. The intensity-
based and hybrid tracker are C++ implementations of the oalsthresented in section
2 and 3. The feature detector in the hybrid tracker is the SI€t€ctor [14]. For com-
putational efficiency, a simplified SIFT detector is implertesl; only a single octave is
used for feature detection.

4.1 Evaluation with Synthetic Sequences

The evaluation sequences are generated by textured 3D fadelsrof four subjects.
These models are acquired by the FaceVision modeling syE¥nior each model,
three independent sequences of images are rendered. Thefisssts of pure rotation
about the X- (horizontal) axis, the second is rotation altbetY- (vertical) axis, and
the third is rotation about the Z-axis. In each case, theesggps begin with the subject
facing the camera and proceed to -15 degrees, then to 15edegred return to neutral
in increments of 1 degree. A total of 60 frames are acquireeédéch sequence. Image
size is640 % 480.

Synthetic perturbations are applied to the sequences ticrwamiations occurring
due to lighting and facial deformation changes. The follayviest configurations will
be used to evaluate the tracking performance:

Static In this case the sequences are rendered with constant antigiging. This
removes all factors influencing the tracking accuracy.

Lighting We explore the robustness of the trackers in the presenagbtiedighting
changes. The models are rendered with a single directimgirldource.
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Deformation

Fig. 2. Example synthetic sequences used for experiments. (tapix Sequence, (middle) Single
directional light source. (bottom) Deformation with facesole system.

Deformation We explore the robustness of the tracker in response tol f@&iarma-
tion. A synthetic muscle system is used to deform the facéroesr the course of
the sequence. The muscles are contracted at a constamnteatb@duration of the
sequence, inducing deformation in the mouth and eyebrométyvo high texture
areas on the face).

Figure 2 shows some examples from the synthetic sequenitegades in the rendered
sequences have a large amount of surface texture and agéotfessimenable to feature
based tracking.

The proposed hybrid tracker, the intensity- and featuisedaracker are evaluated.
All trackers use the precise 3D face model to rule out theceiEmodel misalignment.
Figure 3 shows the averaged estimated pose compared tootivectruth, and figure 4
shows the averaged error per frame. This error measurebsbtuge difference between
the estimated angle and the true angle. In this evaluatienaveraged speed of the
proposed tracker is 30 frame-per-second (FPS) on a nornsétafe with one Intel
XEON 2.4GHz processor.

From this evaluation, we can see that these three trackerallacomparable. In
most cases, the hybrid tracker is consistently better tharother two, especially on
the rotation axis. In some cases, the hybrid tracker is witvae the other two, but the
difference is marginal and not statistically significant.

Static All trackers perform very well, despite the different opimattion functionals.

Lighting The result is somewhat unintuitive, as we would expect thenisity-based
tracker's performance to degrade. However, the performatiference is very
marginal, since the points are weighted high in high gradiegions.

Deformation All trackers perform worse than the optimal cases, but triacy is
still acceptable. From figure 3, as deformation increas#s tivhe the accuracy of
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Fig. 3. The estimated pose of synthetic sequences. For the i@psthe static sequencelid-
dle: the lighting sequenceBottom: the deformation sequences. For the colunedt: the esti-
mated rotation along x-axis for pure x-axis rotati@enter: the estimated rotation along y-axis
for pure y-axis rotationRight: the estimated rotation along z-axis for pure z-axis rotatirhe
angle is averaged over all subjects, and the unit is degree.

all methods declines. The intensity-based method is ofidytyy worse than the
feature-based method, since the usage of the region-bdfadmce compensates
for the outliers and improves the robustness.

4.2 Evaluation with Real Sequences

The proposed tracker is also evaluated with many real segse®ne problem of eval-
uating with real sequences is the lack of ground truth. Oastitnated ground truth” is
available. In the literature, several methods are usedtima&® the ground truth, such
as with a magnetic tracker or off-line bundle adjustment. M¥eform the evaluation
with two different sets of sequences. One is collected byuinlab, and the other is
from the Boston University database [4].

The BU database contains 2 sets of sequences: unifornmgghtid varying light-
ing. The uniform lighting class includes 5 subjects, tatgll45 sequences. Figure 5
shows the tracking result of the "jam5.avi” sequence in thiéoum lighting class. Over-
all, the estimated pose is close to ground truth, despitéatttehat there is some jitter
from the magnetic tracker.

Our sequence is captured in an indoor environment. The griouth is estimated by
commercial bundle adjustment software[16]. These seaseoontain large rotations
with the maximum angle near 40 degree. The hybrid trackeksrthe 3D pose reliably.
Figure 6 shows the tracking result of one sequence.
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Fig. 4. The averaged error of synthetic sequences. For the ops,the static sequencelid-
dle: the lighting sequence8ottom: the deformation sequences. For the colunhedt: rotation
around x-axis sequencéd3enter: rotation around y-axis sequenc&sght: rotation around z-axis
sequences. Each figure plots the averaged error per framme for and z-axis angle.

Figure 7 shows the comparison of the hybrid tracker to thenisity-based tracker
in a strong reflection case. As shown in the figure, the drifhtensity-based tracker is
larger than the hybrid tracker.

4.3 Infrared Sequences and Application

Infrared (IR) images are commonly used in vision applicadion environments where
visible light is either non-existent, highly variable, dffitult to control. Our test se-
guences are recorded in a dark, theater-like interactitealisimulation training en-
vironment. In this environment, the only visible light casnieom the reflection of a
projector image off a cylindrical screen. This illuminaties generally insufficient for
a visible light camera and/or is highly variable. The trackstimates the head pose,
indicating user’s attention and is used in a multi-modal l@plication. The theater
environment and sample IR video frames are shown in figurer8ui@l truth is not
available for this data, therefore only qualitative evéiluais made.

IR light is scattered more readily under the surface of thie #ian visible light.
Micro-texture on the face is therefore lost (especiallyatdr resolution), making iden-
tification of stable features more difficult and error proBee to varying absorption
properties in different locations of the face, however, foeguency color variations
will persist which satisfy the brightness constraint.

Figure 9 shows the tracking results in this environmenthtves multiple frames
across a several minute sequence. The video is recorded-®3 and its frame size is
1024 %< 768. In most cases, the face size is aroat < 110. The subject’'s head moves
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Fig. 5.Evaluation on the BU database. The top rows show some exarfinpie the tracker and the
last row show the estimated roll, yaw, and pitch comparedi thieé ground truth from magnetic
tracker. The result is for the "jam5.avi” sequence in théami lighting class of the BU database.

in both translation and rotation. There are also some miftession changes (mouth
open and close), and strong reflection at some frames. Irextpisriment, the user is
assumed to begin in a frontal view. The tracker uses only egfr&me, the first frame.

No off-line training is involved. The proposed hybrid trackeliably tracks the pose in
real-time with large head motion, while the feature-basackier loses track completely
after only 3 frames. Probing deeper we see that when feaased tracker is lost, only
a few features (1-4) are reliably matched on each frame. &amplifies the problem

with feature-based methods on low texture images.

Another interesting observation is related to error acdatian. In figure 9, the cen-
ter column shows a frame with strong reflection coming fromghbject’s glasses. At
that frame, the tracking accuracy degrades, due to theficisut number of the fea-
tures matched in this environment. However, after the riefleclisappears, the tracker
recovers. This demonstrates how the use of keyframes preeaor accumulation.
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Fig. 6. The estimated rotation around x-, y-, and z-axis of our sege® The top rows show some
result of tracked sequences. The bottom row is the estinmatation.

5 Conclusions

We have proposed a hybrid tracking algorithm for robust-tisa¢ 3D face tracking.
Built on a nonlinear optimization framework, the trackesusgessly integrates intensity
information and feature correspondence for 3D trackingnifrove the robustness, we
have adopted an m-estimator type scheme for optimizatiattchFbased differencing
has been used to define the objective function. The inversgasitional algorithm is
presented to solve this problem efficiently. The proposmeker tracks the 3D head pose
reliably in various environments. An extensively empiliealidation and comparison
with state-of-the-art trackers conclusively demonsg #iés.

Inthe future, we plan to use this tracker in several appboat One such application
is for HCI, such as in the theater environment presenteddticse4.3. The challenge
here is stability on very long sequences. We have appliednH@e keyframe gener-
ation technique to improve the stability, but the remairissyie is the reliability of the
generated keyframe. The generated keyframe should beaghdstthe tracker gathers
more information about the subject’s face. Another probire-initialization. Expres-
sion analysis on the moving head is another future direclitve current tracker has
been shown to be robust under moderate facial deformatios,has the potential for
facial gesture analysis. Combining with a deformable maay improve the tracking



Fig. 7.Comparison of intensity-based tracker to hybrid trackbe p row is the intensity tracker
and the bottom is the hybrid tracker for the same sequencaeinténsity-based tracker is more
sensitive to the strong reflection.

Fig. 8. left Theater environment for head tracking application. Suligga nearly complete dark-
ness except for the illumination from the screen. Imagetesyrof USC's Institute for Creative
Technologiesright Images from high resolution IR camera placed below the scree

accuracy and extend the ability to track non-rigid facialtiges. Other applications
include pose estimation for 3D face reconstruction.
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