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Abstract

This paper presents a method to recover the 3D configura-
tion of a face in each frame of a video. The 3D configuration
consists of the three translational parameters (recoverable
upto a scale factor) and the three orientation parameters
which correspond to the yaw, pitch and roll of the face. This
is equivalent to maintaining 3D correspondences on a face
as the face moves in a video. Maintaining such explicit cor-
respondence makes it suitable as a front-end for applica-
tions like face modeling and recognition, facial expression
analysis, lip reading, eye tracking, etc. which require head
stabilization (or normalization). The approach combines
the structural advantages of geometric modeling with the
statistical advantages of a particle-filter based inference.
The face is modeled as the curved surface of a cylinder with
elliptical cross-section which is free to translate and rotate
arbitrarily about its axes. The geometric modeling takes
care of pose and self-occlusion while the statistical model-
ing handles occlusion and illumination variations. Experi-
mental results on multiple datasets are provided to show the
efficacy of the approach.

1 Introduction

Face tracking is a crucial task for several applications in
computer vision. It serves as the first step in several appli-
cations like face recognition, lip reading, human computer
interaction and animation. Most of these applications re-
quire that actual 3D parameters of the motion of the head,
like the orientation of the head, to be recovered. In this pa-
per, we propose an approach based on a cylindrical model
for the head for reliable tracking of position and orienta-
tion of the head under illumination changes, occlusion and
extreme poses. We also qualitatively show how such 3D
tracking of the head improves the performance of recogni-
tion systems.

1.1 Prior Work

There has been significant work on facial tracking using
2D appearance based models. [12] [18] [21] use 2D face

models based on splines or deformable templates. [1] [9]
use affine and planar models, respectively to track a face.
Quite clearly, such approaches based on the 2D appear-
ances usually do not explicitly solve the correspondence
problem. Rather, more often than not they are interested
in finding just the image region containing the object (face
in this case). Estimation of the 3D orientation of the head
is extremely difficult using these approaches. Therefore
when such 2D approaches are used as a front-end for tasks
such as recognition, multiple view based exemplars [22] are
sometimes used in the gallery. While, such a system might
improve over the performance of single image based face-
recognition systems, such view based exemplars do not cap-
ture the structure of the object in view (i.e., structure of a
face.).

Recently, several methods have been developed for 3D
face tracking. [10] uses a closed loop approach that utilizes
a structure from motion algorithm to generate a 3D model
of the face. The model is then used to constrain the features
in the next frame. The tracking is based on a Kalman filter.
In [20], techniques in continuous optimization are applied
to a linear combination of 3D face models. They are able to
automatically recover the face position and expression for
each frame. [16] proposes a hybrid sampling solution us-
ing both RANSAC and particle filters to track the pose of
a face. Some researchers have proposed using active ap-
pearance models for face tracking and/or pose recovery and
expression recognition [5][13]. A cylindrical face model for
face tracking has been used in [3]. In their formulation, the
interframe warping function is assumed to be locally lin-
ear. In addition, they also assume that the interframe pose
change occurs only in one of the six degrees of freedom of
the rigid cylinderical model. In our approach, we do not
have to make any such assumptions. This improves both
tracking accuracy and robustness.

In this paper we propose a method for tracking facial
pose in a video. In the next section we discuss the geo-
metric modeling of the face. Section 3 presents the featues
used for tracking. In Section 4 we discuss our particle filter-
based tracking algorithm. Section 5 presents experiments
on tracking and recognition. We present the conclusions of
the work in section 6.
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Figure 1: 3D imaging geometry.

2 TheGeometric Modd

The choice of the model to represent the facial structure is
very crucial for the problem of face tracking. Several geo-
metric models have been proposed for facial analysis. More
often than not, the choice depends on the goal of the anal-
ysis. There are several algorithms that do not assume an
explicit structural model. They track salient points, features
or 2D image patches [19] to recover the 2D or 3D head con-
figuration. On the other extreme, there are algorithms like
[10] that use a set of 3D laser-scanned heads represented
in a parameterized eigenspace to constrain the structural es-
timation. A few other focus mainly on 2D tracking (e.g.,
[22], [21, 141, [71, [9]., [21]) which makes a planar model
(elliptic, rectangular, etc.) suitable for them.

We would like to restate here that in our work, we aspire
to estimate the 3D configuration of the face in each frame.
Though a planar model will probably be the simplest one to
use, it does not have the capability to handle out-of-plane
rotations due to the involved self-occlusions. Moreover the
parameters recovered using such a model does not contain
information required to estimate the 3D configuration of the
face. On the other hand, using a complicated face model
(e.g., 3D range data model of an average face), makes the
initialization and registraion process difficult. In fact, [3]
shows experiments where perturbations in the model pa-
rameters affect the tracking performance using a complex
rigid model (generated by averaging the Cyberware scans
of several people), while the simple cylindrical model is ro-
bust to such perturbations.

Similar to [3], we use a cylindrical model, though with
an elliptical cross-scetion, to represent a face. The choice
of the elliptic cylinder was based on the observation that for
most people, the cross section of the head is more elliptic

than cylindrical. The choice of the ellipticity does not affect
the tracking performance in general but it does make a dif-
ference when the face is turned about the vertical axis by a
large angle (i.e., high yaw value). Assuming that our cylin-
drical model reasonably approximates the 3D structure of a
face, the problems related to pose and self-occlusion (usu-
ally due to pose changes) get automatically taken care of.

From the point of geometrical modeling, the next impor-
tant issue is the choice of projection. Due to the absence
of the calibration parameters of the camera, people usually
assume orthographic projection. Though orthographic as-
sumption is usually considered to be accpetable when the
object (or face in our case) is far away from the camera,
there are a couple of issues in making such an assumption
with regard to the cylindrical model we use. First of all,
orthographic projection essentially assumes that the visible
portion of the face (or object in general) is planar. Not only
does it contradicts our cylindrical model but is also proba-
bly not a good approximation when the face is close to the
camera which is usally the case with most facial analysis ap-
plications. Moreover, we observed that under orthographic
assumption, it becomes diffcult to distinguish between scale
and pitch. These reasons motivate us to use perspective pro-
jection model similar to the one shown in Figure 1.

One might feel that the use of the pespective model ne-
cessitates the need to know atleast the focal length of the
camera. In our formulation, we use an arbitrary focal length
and still get very good results. This can be justified as fol-
lows. Though probably counter-intuitive, it is not necessary
to have knowledge either about the calibration parameters
of the camera or about the scene geometry to compute the
rotation involved between two frames of a video when the
motion involved is pure rotation. This comes from the fact
that there exist a homography between any two images of



the same scene if the underlying motion between the two
camera configurations is pure rotation. Such a homography
(or mapping) does not depend either on the camera parame-
ters or the scene being viewed. From the point of our prob-
lem, this means that if we know the translation, the face
has undergone, under the assumed projection model (per-
spective with an arbitrary focal length), we can estimate
the change in the orientation of the face without actually
knowing the correct focal length of the camera. Note that
though the translation values will be different (upto a scale
factor) in the assumed model, the rotations involved remain
the same. We will revisit this issue later while describing
the particle-filter framework.

2.1 Modd Initialization

The model is initialized using the first frame of the video.
Initialization essentially involves finding the parameters for
the cylinder (the radius and the height). In the current im-
pelementation, we assume that the face is roughly frontol
during initialization. We use the optimal edge-based shape
detection algorithm [17] to detect the face in the first frame.
This algorithm looks for ellipses containing facial features
for face detection using the optimal shape operator.

3 Features

The choice of features is extremely important for the task of
3D pose estimation of a moving face, probably second only
to that of the structural model. More than anything else,
the features should be easy to detect. In addition, ideally
they should be robust to occlusions, and changes in pose,
expression and illumination. Humans detect and track faces
(known or unknown) effortlessly using features like eyes,
nose, mouth, hair etc. For machines, this might not be easy.
In a monocular video, only input the machines have is an
image which is a 2D projection of the current appearance
of the face. The appearance of the features used by humans
changes a lot with variations in pose, expression etc. In
fact sometimes, few of the features are not even visible in
the image. This makes the automatic detection and thereby
tracking of these features very difficult.

As stated previosuly, ours is a hybrid approach which
tries to make use of the advatanges of a purely geometric
approach (useful when partial/complete information about
the geometric structure of the object is available) and that
of stastical inference. In this work, we stress-test this ap-
proach using an extremely simple and easily computable
feature. We superimpose a rectangular grid all around the
curved surface of our elliptical cylinder. Then mean inten-
sity is computed for each of the visible grids which forms
the feature vector. Note that many of the mean values will

be undefined which correspond to the the part of the face
which is not visible in the frame.

Though quite simple, the feature vector is not all that
bad when viewed from the point of view of our framework.
First of all, it is easily computable. Given the current con-
figuration of the face, the grids can be projected onto the
image frame and the mean can be computed for each of
them. This might seem suspect as the current configura-
tion of the face is not available! Rather that is what we are
trying to estimate. Crudely speaking, we first predict the
current configuration based on the past configuration and
then test its likelihood using the current feature vector. This
will become clear once we present the particle-filter frame-
work where each particle represents a configuration of the
face. The mean vector, by itself, is not invariant to pose but
pose is not an issue in our framework as long as the cylin-
drical assumption is fine. Mean is definitely not invariant to
illumination changes. We use robust statistics to make the
approach robust to illumination. The fact that the mean is
computed for lots of small regions makes it an appropriate
substrate for robust statistics. The basic idea here is that il-
lumination does not affect the algorithm as long as many of
the means remain unaffected. The same idea works even for
handling partial occlusions and expression changes.

4 Tracking Framework

Once the structural model and feature vector have been
fixed, the goal is to estimate the configuration (or pose) of
the moving face in each frame of a given video. Breaking
this down to each frame, one can see that only information
available to perform the desired estimation is the face con-
figurations in the previous frames and the current observa-
tion (the current frame). This can be viewed as a dynamic
state estimation problem. Here the state consists of the six
configuration parameters: three for the translation and three
for the orientation of the face. The Bayesian approach to
handle this problem is to gather the available information
to come up with the probability density function (pdf) of
the state. This estimation can be done recursively for each
frame using particle filters.

4.1 ParticleFilter

Particle filtering [6][8] is an inference technique for esti-
mating the unknown dynamic state 6 of a system from a
collection of noisy observations yq.;. Quite often, a state
space model is used to perform this estimation. The two
components of this approach are the state transition model
which models the state evolution, and the observation model
which specifies the state-observation dependence:

State transition model: 6; = f(6s_1,us), 1)



Observation model: y; = g(6;, v¢), 2

where u; is the system noise while v; is the observa-
tion noise. In general, the functions f and g can also be
time-dependent. The particle filter approximates the de-
sired posterior pdf p(6:|y1.+) by a set of weighted particles

{6, w?}\_,, where N denotes the number of particles.
The state estimate 8, can be recovered from the pdf as the
maximum likelihood (ML) estimate or the minimum mean
squared error (MMSE) estimate or any other suitable esti-
mate based on the pdf.

To keep the tracker as generic as possible, we use a
random-walk model as the motion model:

Oy = 01 + uy, )

where u; is normally distributed about zero. Based on the
domain knowledge, one can come up with a motion model
that will be capable of estimating the pdf better with lesser
number of particles. For example, if the task is to track the
face of a spectator in a tennis match, a motion model heavily
biased towards yaw might be a better choice than a generic
model.

The observation model involves the feature vector de-
scribed in the previous section. In our framework, we can
rewrite the observation equation as:

2zt = T{ys;6:} = Fy + vy, 4)

where y; is the current frame (the grayscale image), T is the
mapping that computes the feature vector given an image
y. and a configuration é;, z; is the computed feature vector
and F; is the feature model. The feature model is used to
compute the likelihood of the particles (which correspond
to different proposed configurations of the face). For each
particle the likelihood is computed using the average sum
of square differences (SSD) between the feature model and
the mean vector z; corresponding to the particle.

On one extreme, the feature model can be a fixed tem-
plate (say, the feature vector corresponding to the first frame
i.e., F; = Fp) while on the other hand one can use a dy-
namic template e.g, the feature vector belonging to the best
particle at the previous frame i.e., F; = 2;_4. Similar
to [11], we refer to the fixed template F; = Fy as the
lost model while the dynamic component F; = 2,_; as
the wander model. It is worthwhile to note that though the
lost component should be credible (assuming initialization
is good), quite often it is not capable to handle the appear-
ance changes due to illumination, expression, etc. as the
face translates/rotates in the real world. On the other hand,
the dynamic nature of the wander component makes it suit-
able to take care of appearance changes but it is suscepti-
ble to drifts. This means that if we have a bad estimation

for a frame, it becomes very diffcult for the tracker to cor-
rect itself in subsequent frames. We use a combination of
both which provides resiliency to our tracker. Resiliency is
a very important property of any tracker as however good
a tracker is, it can always loose track due to an unexpected
change in conditions. In the current implementation, the
likehood of a particle is computed as the maximum of the
likehoods using the lost model and the wander model. The
prior is biased towards the lost model by 0.52 : 0.48. We
take the maximum of the two likelihoods instead of mixing
the two to avoid boosting up the probability of a bad particle
accidentally. This gives us the capability both to handle ap-
pearance changes and to correct the estimation even if the
wander model drifts. The number of particles used were
typically in the range 200-500.

Before moving further, we need to revisit the issue
regarding the knowledge of focal length which was left
unanswered earlier. Intuitively speaking, if for the cur-
rent frame we have particles predicted with approximately
correct translation values (with the assumed arbitrary fo-
cal length), the orientation estimation should not be wrong.
This comes from the observation that for the particles with
correct translation, the face essentially undergoes only ro-
tation. Note that the translation values are recovered only
upto a scale factor but one cannot do better as far as transla-
tion is concerned even with the knowledge of focal length.
Experiments show that the results obtained are impressive
even with the arbitrary (but suitable) focal length.

4.2 Robust Statistics

The performance of the filtering method described is lim-
ited by the appropriateness of the likelihood model. If the
feature vector or the method of likelihood computation is
not good enough to distinguish between different configu-
rations of the face, tracking can not be expected to be good.
Furthermore, we use the mean of grids as the feature vector
which by itself is not robust to occlusions, illumination, ex-
pression etc. The fact that lots of means are computed over
small local regions makes the scenario suitable for the ap-
plication of robust statistics in the likelihood computation.
In the current implementation, we trust only the top half
of the means and treat the rest as outliers. The robustified
likelihood computation can be represented as:

p(ytng)) — —Adist (5)
d
where, dist = Zmen1Mm)dlmm)
> (M, 1)

where n(m,n) is 1 if the (m,n)" grid is visible in both
the model and the particle and 0 otherwise, while d(m,n)
is computed as:



d(m,n) = { (Fy(m,n) = 27 (m,n))? i d(m,n) <c
o e otherwise
where, ¢ = median({d(m,n)}) (7

5 Experimentsand Results

We conducted three different experiments to show the ef-
ficacy of our tracking approach. The experiments are de-
signed to display the ability of the tracker to handle oc-
clusion, expressions and extreme poses. The comparison
with the ground truth is also done. In addition, we show
how maintaining 3D correspondences help in other prob-
lems like recognition.

5.1 Tracking under extreme poses

We conducted tracking experiments on 3 datasets
(Honda/UCSD dataset [14], BU dataset [3] and Li
dataset [15]). These datasets have numerous sequences in
which there are significant illumination changes, expression
variation and people are free to move their heads arbitarily.
Figure 2 shows few of the frames from several videos with
grid points on the estimated cylinder overlaid on the image
frame. The first row shows the ability of the tracker to
accurately estimate the pose even under extreme poses.
Most 2D approaches would not be able to maintain track
under such severe poses. The second row shows some
frames in which the the tracker was able to maintain track
inspite of severe occlusion. The subject waved his hand
across his face while simultaneously turning his head. The
robust statistics employed in the likelihood computation
enables the tracker to maintain track under occlusion.
Moderate expressions do not affect our feature since it is
the mean intensity within a small surface patch on the face.
During certain severe expression changes robust statistics
helps us maintain the track. The third and fourth rows
show more tracking results from the BU dataset and the
Li dataset, respectively. In the fourth row, the subject is
removing his glasses while rotating his head. Our tracker is
able to maintain the track all along the sequence.

5.2 Ground Truth Comparison

The BU dataset [3] provides us with ground truth values
for the pose of the face in each frame. We conducted track-
ing experiments on the BU dataset and compared yaw, pitch
and roll estimated by our tracker to the ground truth. Fig-
ure 3 shows the comparison between the estimated pose of
the face and ground truth for six different sequences in the
dataset. We see that the tracker accurately estimates the
pose of the face in most of these frames.

5.3 Recognition with non-overlapping poses

Most methods for recognition require that the gallery con-
tains an instance of a face with a pose very similar to the
one in the probe. Since our tracking method maintains ex-
plicit pose of the face during each frame, we do not need to
have the same poses seen in the gallery and the probe. In
this experiment we show this by performing recognition on
non-overlapping poses. The gallery consists of a video se-
quence of about 10-15 frames in which the individual turns
his head left from about 15 degrees away from from frontal
to extreme left. The probe consists of a video sequence
in which the individual turns his head right from 15 de-
grees away from frontal all the way to the right. There-
fore, there is no pose overlap between the gallery and the
probe. In fact, the closet poses in the gallery and the probe
differ by atleast 30 degrees. We used 10 subjects from the
Honda/UCSD dataset [14] for this experiment. For each
frame we build a texture mapped cylinder using the tracked
pose. We used the minimum sum of squared distance be-
tween a gallery model and a probe model as the distance
between two videos. This is a very challenging experiment
since the poses exhibited by the gallery videos and those
exhibited by the probe videos are very different. There-
fore, the similarity matrix obtained in this experiment was
weakly diagonal. Inspite of this, we obtained 100% recog-
nition rate in this experiment, i.e., all the 10 probe videos
were recognized correctly. This is very promising and we
hope to extend the results to a larger dataset for arbitary un-
controlled videos of individuals.

6. Summary and Conclusions

In this paper, we have proposed a method for tracking the
facial pose in a video. The tracker is robust to occlusions
and illumination changes and maintains track even during
extreme poses. We have also shown, how such 3D pose
tracking can help in problems like face recognition from
videos. We are currently working on using this as a front-
end to applications like face recognition and facial expres-
sion analysis.
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