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ABSTRACT

The (digital) transmission of talking faces requires a
high bandwidth that not every target channel is able to pro-
vide, even if powerful image compression algorithms are
used. Therefore, a special face coding algorithm would
be highly desirable. Unfortunately, development of such
an algorithm has been hindered by the general problem
of image motion estimation. In this paper we present a
video-based system for face motion processing similar to
the well-known voder-vocoder system for processing and
coding acoustic speech signals. Like the vocoder, our ’face
coder’ consists of two independent parts: an analysis part
for tracking non-rigid face motion, and a synthesis part for
producing face animations. Results are shown for face mo-
tion tracking and the subsequent animation derived from ei-
ther the raw motion data or the outcome of Principal Com-
ponent Analysis. The automatic tracking results were eval-
uated by comparison with a set of manually tracked points.

1. INTRODUCTION

It has been one of the primary goals underlying research
in audio-visual speech processing to find methods to re-
duce the bandwidth needed for transmitting talking faces.
Analogous to the Vocoder invented by H. Dudley in the
mid-1930s for Bell Laboratories, an algorithm is needed
that reduces the spatially complex and temporally variable
input signal, associated with the speaking face combined
with the speech acoustics, to a simpler set of parameters
that (ideally) varies slowly over time. Using an appropriate
synthesis algorithm, it should then be possible to recon-
struct the original signals from the reduced parameter set.

The face coding approach presented here achieves the
pairing of face motion analysis and synthesis, consisting
of an analytic algorithm that tracks non-rigid face motion
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a good prediction for the behavior of a much denser set at
a finer level, due to the fact that most of the face is a con-
nected continuous surface. The anchor points, of course,
are assumed to vary rapidly, while the texture map presum-
ably changes quite slowly with the exceptions of the open-
ing and closing of the oral aperture and the eyes, and the
appearance and disappearance of certain wrinkles [9] 1 .

2. VIDEO-BASED FACE MOTION TRACKING

We have developed an image motion estimation algo-
rithm that was explicitly designed to track face motion in
video sequences. It exploits specific properties of the ap-
pearance of the face in a video sequence. Since a detailed
description of the method already exists [10] [11], we give
here only a brief overview. The method can be broken
down into two independent parts: initialization and motion
tracking

2.1. Initialization

The purpose of the initialization was to fit to the face
in one image the three-dimensional (3D) ellipsoid mesh
model that was then used by the tracking procedure to reg-
ister the face in the video image sequence. This was done
manually by marking a minimum of six points in the im-
age frame that defined the outline and orientation of the
face. An ellipse fitting procedure then assigned a closely
fitting ellipse to the face from which the parameters of the
ellipsoid were derived (see Figure 1). The procedure was
required only once for the entire input sequence and could
be easily replaced by an automatic face detection method
(e.g. [12]).

2.2. Motion tracking

Measurement of the face motion was done on a frame-
to-frame basis by determining the location changes of small
parts of the face surface using a multi-resolution analysis of
the video image data.

Head motion naturally accompanies speech and other
expressive orofacial behaviors. However, it imparts rela-
tive motion to the rest of the face that must be removed in
order to obtain accurate measures of the face motion alone.
Although it is possible to recover the rigid body head mo-
tion from video image sequences using techniques similar
to those in [13] and [14], our primary interest had been
to make accurate measures of the non-rigid face motion.
Therefore, we used OPTOTRAK (Northern Digital, Inc.)
to make precise time-varying measures of head orientation
and position.

1 We are concerned only about wrinkles that appear and disappear as
the face surface deforms during face motion, not those that appear, but do
not disappear, as a result of aging.
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ment itself in order to avoid searching through the whole
image space. The shift value yielding the highest correla-
tion was selected as the actual motion vector for the center
node of the search segment, and the mesh model represen-
tation of the second frame was deformed accordingly.

So long as the desired final resolution had not been
reached, the next to last step entailed bilinear interpolation
of the node coordinates of the next finer mesh.

After passing through all selected wavelet levels,
thereby deforming progressively finer representations of
the mesh model in a stepwise manner, the perspective dis-
tortion of the projected final mesh model was reversed and
the pose deviation due to head motion was corrected. The
result was a sequence of stabilized ellipsoid mesh models
where the time-varying changes in the location of the mesh
nodes represented the face motion. Note that 2D tracking
resulted from the constraint that the mesh nodes lie on the
surface of the ellipsoid at all times.

3. TALKING FACE SYNTHESIS

In this section we describe two ways to synthesize 2D
talking faces using the motion tracking results. The first
method used the raw motion measures directly. The sec-
ond method used motion coefficients derived from analysis
of all the motion tracking data available at the time of the
synthesis.

Figure 2. The ellipsoid surface (consisting of the texture
pixels) ’unfolded’
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relevant aspects of the behavior. This leads to a noticeable
reduction in noise. Furthermore, some PC’s may character-
ize functional or structural aspects of the behavior such as
the vertical motion of the jaw or shaping of the lips. These
components can then be systematically varied and their ef-
fects on human audio-visual perception tested. Similarly,
modulation of such componenents (e.g., amplification, dis-
tortion) might augment intelligibility in multimodal speech
transmission and automatic multi-modal speech recogni-
tion.

Figure 3. Full interpolated texture map

For this paper we analyzed video clips of a male Amer-
ican speaker uttering the first fifteen sentences of the CID
’Everyday’ corpus. Each clip contained one sentence and
the clip’s length ranged from 39 to 153 (average: 91) video
fields. Only the area within the bold lines in Figure 1 was
tracked. We conducted a PCA based on the covariance ma-
trix of the motion tracking results at the middle level of the
tracking to keep the number of nodes (= variables) man-
ageable at 546.

Bartlett’s test was used to test for equality of the last
k eigenvalues [17]. Using α=0.001 as the threshold for
significance, the procedure indicated that the first 470 of
the 546 PC’s were significantly different from each other.
The remaining PC’s represent only the inherent variation
(i.e., no covariance) or noise associated with a few isolated
mesh nodes. Since Bartlett’s test is conservative, some-
times keeping more PC’s than necessary, we compared it
with Velicer’s partial correlation procedure [17]. Velicer’s
method examines the partial correlations among the orig-
inal variables with one or more PC’s removed. Starting
with all but the first PC removed, PC’s are added until addi-
tional PC’s would represent more variance than covariance.
Velicer’s method is particularly useful for our purposes, be-
cause the motion tracking algorithm becomes more sensi-
tive to tracking noise than data at the higher spatial frequen-
cies. Thus, we accepted Velicer’s method recommendation
that only 166 PC’s were needed to describe the motion data.
These 166 PC’s were then used to estimate the individual
mesh node coordinates over time.
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Figure 4. Location and movement range of the manually
marked points (head motion not removed)

the other hand using fields reduces the vertical image res-
olution due to the interlacing of successive fields (corre-
sponding to even and odd lines of the image). More impor-
tant, in order to track motion continuously through time,
twice as many images have to be processed. As with most
time-varying estimation techniques, error accumulates and
degrades the performance of our algorithm over time, as
can be seen towards the end of the sample movies.

Since visual inspection of the resulting animations is not
sufficient to judge the accuracy of the tracking algorithm,
we manually tracked nine points on the subject’s face for
the first 8 of 15 sentences (877 of 1363 image fields). Ide-
ally for this test, the points should be distributed randomly
on the face, but it was impossible to find enough arbitrar-
ily assigned points that could be identified reliably in every
frame. Therefore, landmark coordinates were used com-
prising the mouth corners, two points on the upper lip, and
five points on the cheeks and chin marked by small blem-
ishes (not visible in the images reproduced for this paper).
Figure 4 shows the locations (filled circles) and the move-
ment ranges (including head motion). For the ellipses en-
closing each location, size was three times the standard de-
viation and axis orientation was derived from PCA of the
manually tracked position coordinates.
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We currently use spline wavelets, because they exhibit
linear phase. This ensures that the mesh is projected on the
same area of the face at every wavelet level. However, a
different wavelet might be more suitable for the tracking;
e.g., the one corresponding to a set of orthonormal, maxi-
mally flat FIR filters described in [18]. But that will also
depend on finding an appropriate alignment of the output
signal across the different wavelet levels.

Last but not least there is the question of whether the in-
tensity values of the search segments must be updated with
each frame. Currently, this is largely responsible for the
accumulation of estimation error over time. An extreme
alternative would be to use only the values from the start-
ing (reference) frame (as in the synthesis), but then lighting
changes could lead to unrecoverable errors. We made pre-
liminary investigations, but mistracking in the area of the
opened/closed mouth caused a disintegration of parts of the
mesh. Using robust statistics does not work, since even a
’perfect’ error norm does not prevent single mesh nodes
from gradually (over several frames) moving in the wrong
direction and creating an overlap. A middle-ground solu-
tion in which search segments are updated only occasion-
ally would be best. That is, assuming that the face motion
is faster on average than changes of intensity, problems of
the lighting model might be reduced by temporal low pass
filtering during the search segment update.

6. CONCLUSION

We presented an approach to coding talking faces.
In the analysis, the face motion was tracked using a
multi-resolution analysis of the image data and a set of
parametrized ellipsoid mesh models with variable node
density. The deformation of the mesh over time repre-
sents the face motion and the coordinates of the mesh nodes
serve as coding parameters for the spatiotemporal behavior
of the face. For face motion synthesis, the texture map of
a reference frame was extracted and then applied to the se-
quence of deformed mesh models. Faces can be animated
from either raw motion measures or principal components.
Comparison of manual and automatically tracked motion
showed that measurement discrepancy increases over time.
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