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Abstract
The visual image of a talker provides information complementary to the acoustic speech waveform,
and enables improved recognition accuracy, especiall y in environments corrupted by high acoustic noise
or multiple talkers. Because most of the phonologically relevant visual information is from the mouth
and lips, it is important to infer accurately and robustl y their dynamics; moreover it is desirable to extract
this information without the use of invasive markers
or patterned illumination. W e describe the use of deformable templates for speechreading, i n order to infer
the dynamics of lip contours throughout an image sequence. Template computations can be done relatively
quickly and the resulting small number of shape description parameters are quite robust to visual noise
and variations in illumination. Such templates delineate the inside of the mouth, so that the teeth and the
tongue can also be found.

1

Introduction

Whereas the speech chain, in its most general form, involves the production and perception of both the
acoustic (A) and visible (V) components of speech, automatic speech recognition (ASR) research has traditionally ignored the role of the V component. Recently, however, several groups have incorporated visual
subsystems into their ASR systems (Petajan, Bischoff
& Bodoff [3], Yuhas, Goldstein, Sejnowski & Jenkins [6],Pentland & Mase [2], Stork, Wolff & Levine [4],
Wolff, Prasad, Stork & Hennecke [SI). From such
work, and that of several other groups, it is clear that
whether by Hidden Markov Models, neural networks, or statistical pattern recognition approaches, visual
information can improve speech recognition. However, since most of this research has employed special
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markers on the face, or chromatic lipstick, standard
grayscale video input cannot be used easily. Hence it is
now time to address more seriously the image feature
extraction problem, and its unique aspects relevant to
speech recognition.
We present here visual preprocessing that enables
the use of grayscale images while at the same time
incorporating dynamical processes in a natural and
computationally efficient way. Our method employs
deformable templates - parameterized descriptions
of the object to be tracked (Yuille, Cohen & Hallinan [7]). In our work, the object to be tracked is the
talker’s mouth and the template consists of parabolas
and quartics which follow the outer and inner edges
of the upper and lower lips. The method can be used
for a number of other attributes, such as jaw rotation
(chin position), but here we present only our results on
lips. The final shape parameters themselves provide
input features to a recognition engine.
Deformable templates have several advantages over
snakes (Kass, Witkin & Terzopoulus [l])and some
other contour finding schemes, and this makes them
well suited for application to speechreading:
0
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0

0

The computations required can be done relatively
quickly.
Information from many pixels is averaged
throughout space and over time to give the best
fit, including those along the edges of the template. Fits are thus quite robust.
Heuristic information - such as maximum rates
of deformation, physical constraints such as (approximate) spatial symmetry, etc. - can easily be
incorporated into a global “fit” or cost function,
increasing the likelihood of a correct fit.
Deformable templates help in segmenting the
mouth opening from the rest of the image, and
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The parameter q in the equation for the quartic determines how far the quartic deviates from a parabola.
It serves as an additional shape parameter describing
the deformation of the corresponding edge.
We now have all the tools to assemble the mouth
template:
1. The center coordinates (zc,yc) and the tip angle
0 define the location and orientation of the mouth
coordinate system. All lengths and measurements
are in reference to that coordinate system and the
mouth is assumed symmetric to its ordinate.

Figure 1: The mouth template consists of two parabolas for the inside edges and three quartics for the outside edges. Including the center coordinates and the
tip angle there are a total of 12 parameters describing
the shape, location and orientation of the template.

2. Two parabolas make up the inside edges of the
mouth. Each parabola has its own height ha and
h3, but they share the same width w;.

thereby aid in the detection of the tongue and
teeth. These features are, of course, useful for
visual speech recognition as well.

2

3. The outside edge of the lower lip is modeled by
a quartic. It has been our experience that the
flexibility that the additional parameter provides
allows a quartic to adapt itself to a larger variety
of talkers and to track the lower lip more accurately than a simple parabola.

The deformable template

A deformable template can be understood as a
model of an object. By tuning a set of parameters,
the template can be deformed to match the object in
some optimal way, as defined by a cost function. If
the cost function is at a minimum we say that a fit
has been found and the parameters describe the object.
Figure 1 shows the template we used for the lips.
The template is designed so that it is able to appromixate a large number of mouth shapes as closely
as possible while at the same time keeping the number
of parameters to a minimum. After some experimentation the template shown in the Figure has proven
useful.
The template consists mainly of two types of curves:
parabolas and quartics. They are centered around the
coordinates (zc,yc) and rotated by the tip angle 8,
which are found while adapting the template to the
mouth. The center coordinates and the tip angle define the mouth coordinate system. Within this shifted and rotated coordinate system the parabolas and
quartics are constrained to be symmetric, and to intersect the axes at (-w,O),
( 0 ,h ) ,and (w, 0). A parabola
of height h and width 2w is described by the following
equation:

4. For the outside edge of the upper lip two quartics
are used. Their centers are offset by faonfrom
the ordinate and they are constrained to share the
same parameters. This ensures symmetry of the
template.

3

Cost function

Adapting the template to match an object involves
changing the parameters to minimize a certain cost
function. There are no restrictions on the choice of
the cost function, however, if one uses gradient descent
to find the minimizing set of parameters, the function
needs to be continuous and a gradient has to exist.
Usually the cost function is defined in the following
way:
1. One or more potential fields are computed from
the image. They usually represent certain local
features such as edges, valleys or peaks. These
fields can be blurred to ensure continuity for the
gradient descent algorithm.
2. The cost function is then a sum of integrals over
these potential fields either along or in between
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the curves of the templates. For example, if the
curves of the templates represent the edges of the
object, one term could be the integral over the
edge field along the curves of the template.
3. In addition, heuristics and higher level information can be incorporated via penalty terms which
constrain the parameters to stay within certain
reasonable limits.

Because our application involves processing a large
number of images, it was our goal to design a cost function that is both effective and computationally simple.
In our experiments we found that a large proportion of
the time was spent on computing the potential fields.
In contrast, the penalty terms of the cost function
were almost negligible in terms of the complexity of
the algorithm. Thus, our cost function consisted of
the following:

Q1

Figure 2: The penalty term for the parameter q1. If
the parameter is contained within the specified range,
the penalty term is negligible. As the parameter moves
closer to the limits the penalty term grows larger,
pushing the parameter back to within its valid range.

Potential fields The edges of the lips are among the
most salient features of the mouth. Since the edges are
mostly horizontal, we used the vertical gradient of the
image as potential field (the vertical gradient is most
sensitive t o horizontal edges). For the kernel, we used
the horizontal 3 x 3 Prewitt kernel:
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making up the mouth template, lril are the lengths of
the curves and ae(Z)
is the potential field.
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The advantage of using this gradient is not only that
it is most sensitive to the relevant edges, it also differentiates between “positive” and “negative” edges.
A positive edge is one where the image intensity is
higher above the edge than below it, and vice versa
for a negative edge. A template that makes use of this
difference will not confuse the upper and the lower lip.
In order to improve long range interactions, the gradient was blurred by a 5 x 5 exponential kernel. The
kernel is maximal at the center and trails off exponentially with the distance from the center.

Penalty terms In addition to the curve integrals,
the cost function also consists of a number of penalty terms. There are two types of penalty terms, one
introduces spatial constraints, the other temporal constraints. The spatial constraints make sure that the
parameters of the template stay within reasonable limits. Figure 2 shows how we included spatial constraints in the cost function. A penalty term was
added to the cost function for each spatial constraint to keep the template parameters within reasonable
bounds. These bounds were determined heuristically and sometimes depended on other parameters. For
example, one constraint ensured that hl > h2. This
means that the lower bound for hl depends on hz and
the upper bound for hz depends on hl.
Besides the spatial constraints we also included one
temporal constraint. For each image sequence the average thickness of the lips was determined. The spring
forces were added to keep the lip thickness close to the
mean. This does allow variations of the thickness as
they occur in utterances such as /ba/. There is also
some physical motivation to use spring forces as they
roughly model the lip deformations. The term for the

Integrals The cost function then consists of four
curve integrals, one for each of the four lip edges. Taking into account positive and negative edges, it takes
on the following form:

where the ci are coefficients that allow one to place
different weights on the curves, I’i are the four curves
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Figure 3: Fitting of a template to the mouth. Left:
The initial state placed the template in the center.
Middle: after several iterations reducing a global
cost E the template kAas moved closer to the mouth.
Right: In the final state the template approximates
the mouth.

Figure 4: Three frames from the utterance /PO/. The
left frame shows the mouth in its initial resting position, in the next frame the lips have reached maximum
closure and in the third frame maximum opening.

of the parabolas have been determined heuristically
to match an “average” mouth shape, scaled to twothirds the width of the ROI. After several gradient
descent iterations, the template has started to move
closer to the mouth and approximate its shape. In the
final state the template has fit itself to the shape of
the mouth.
In our experiments we found that the magnitude
of the cost function varied significantly with speakers
and lighting conditions. Thus, we made termination of
the template matching dependent on the total change
of parameters. If it dropped below a certain threshold,
adaptation was stopped. Alternatively, if the gradient
descent had exceeded a certain number of iterations,
the adaptation was also stopped.
For measuring speech dynamics we have to look at
image sequences. The procedure for image sequences
is very similar to the one described above. For the
first image (frame l ) , the template is placed near the
mouth and then allowed to fit itself around the mouth.
The final state for frame 1 is then used as initial state
for the next image, frame 2. This helps ensure temporal continuity.
After running the adaptation process over the entire image sequence, the parameters of the final states
are scaled and normalized and can then be used for
recognition.

temporal constraint then looks like this:

where IE12 and IC34 are the spring constants and
(hl - hz) and (h3 - h4) are the mean thickness of the
lips averaged over several frames.
Adapting the deformable template to a particular
image means finding a set of parameters that minimizes the cost function. In our work, we used gradient descent to find a (possibly local) minimum. After
the parameters have been updated to minimize the
cost function, they can be scaled and directly entered
into the speech recognition engine. The center coordinates and the tip angle do not convey significant
speech related information and are not used (although
they might indicate stress or emphasis). Hence, a total of nine parameters are extracted for recognition:
wa, W O aoff,h l , 41 h2 h3, h4, 4 4 .

4

Procedure

The focus of our work is the talker’s mouth. Before the initial templates can be found, another image
processing algorithm determines the region of interest
(ROI) around the mouth. We have shown robust automatic ROI detection of mouths elsewhere (Wolff et al.,
[SI), but in our work here the region was determined
manually.
Finding the ROI was key to placing the template
in close vicinity of the mouth. Figure 3 demonstrates
how a deformable template adapts to an image. In
the figure we used a simplified template consisting only of four parabolas which share the same width. The
fitting process starts with a generic set of parameters
that place the template near the mouth. The template is placed in the center of the ROI and oriented
horizontally (0 = 0). The initial heights and width

5

Results

During development of the algorithm several image
sequences were used to find an optimal template, potential field and cost function. The sequences were
taken from one speaker in three different lighting conditions and another speaker in a fourth lighting condition. Because the algorithm has been optimized to
those sequences it does quite well on them (see Figure 4). Tracking of the widths and heights of the lips
was excellent. Only the lower edge of the lower lip
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