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ABSTRACT
Lip reading has been proven to improve speech recognition
accuracy in adverse environments. Most existing lip reading
systems have frontal pose assumption, which makes it very
difficult to use in tasks such as video transcription (speech
recognition of the audio stream for video indexing and retrieval). In this paper, we propose a new method to compensate the lip pose change by exploiting the general symmetry
of human face. From the imaging geometry we show that a
frontal lip can be recovered from only one profile view. The
resulting pose compensation method has the following advantages: (1) it only requires one profile image; (2) it does
not need any 3D model; (3) it does not need an accurate lip
shape contour. Experimental results are given to show the
effectiveness of our method.
1. INTRODUCTION
A good example of utilizing audio-visual interaction for human speech communication is lip reading [3]. Lip reading
has been proven to improve speech recognition accuracy in
adverse environments [9, 6]. In the lip reading process, visual features (lip image features) are detected, then these
features are either combined with audio features to train an
audio-visual recognizer or used to train a visual recognizer
and integrate with the output of an audio recognizer later.
The visual feature extraction module will directly affect the
recognition accuracy.
In a study about human lip reading [5], Neely found that
frontal views of the speaker led to higher recognition rates
than profile views. This suggests that frontal pose would
be favored over profile poses for the purpose of lip reading
by computers, and also helps to explain why most existing
lip reading systems make a common assumption that the
speaker is in frontal pose. In order to get frontal pose lip
image, some researchers use special devices such as a mirror in front of the mouth, and some researchers try to recognize frontal pose and simply drop the non-frontal pose. This
makes systems have limited use in tasks such as video transcription (speech recognition of the audio stream for video

indexing and retrieval), where speakers are not necessarily
in frontal pose.
The literature on dealing with the pose problem in lip
reading is fairly limited. Nonetheless, many works have
been done in face recognition [7, 4, 1]. Probably the most
straightforward way of compensating pose is to represent
knowledge of 3D shape with an explicit 3D model such as
3D head wire mesh, by detecting control points on a image, one can warp the image onto the 3D model, then the
3D model is rotated to the new desired pose, and finally the
rotated 3D model is projected onto the image plane to get
the image of desired pose. This technique is susceptible to
feature tracking failure. Another approach is based on example views [1], where images of different poses are captured as examples views. By exploring the relationship between these example views, pose invariant recognition can
be achieved. This technique requires careful manipulation
of many example views, and the object is assumed to be
static, which is not applicable for handling mouth images
which are in constant motion during speech.
In broadcast videos, speaker pose changes such as planar translation and rotation can easily be compensated by
geometrical transform. For out of plane rotation, as when
the speaker rotates his head, simple geometrical transform
cannot compensate for the pose.
In this paper, we present a novel method for compensating non-frontal mouth images due to out of plane rotation.
By exploiting the general symmetry of human mouth, we
prove that from a single profile view, a frontal mouth image
can be obtained. Our method is purely working in the image
domain, other information such as motion (optical flow), 3D
structure of mouth, mouth contour, and segmentation is not
needed, thus providing for a general solution for the pose
compensation problem in pose invariant lip reading.
The remainder of this paper is organized as follows. In
section 2, the general idea behind our method is presented.
Then, in section 3, by looking into the imaging geometry,
we show that a profile mouth image indeed enables us to
recover a frontal pose mouth image. In section 4, the details of our method are described. Our experiments with
this method are presented in section 5. Finally, we discuss
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Figure 1: Can we recover frontal mouth region (lower middle) by using one non-frontal image (upper left) and the mirror image (upper right)?
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Figure 2: Imaging geometry
conclusions and future work in section 6.
2. THE IDEA
We all may have noticed many amazing video clips in movies
and TV commercials depicting the fluid transformation of
one digital image into another. This process is called image morphing, which is realized by coupling image warping with color interpolation. Image warping applies 2D geometric transformations on the images to retain geometric
alignment between their features, while color interpolation
blends their color. If a face of a man can gradually be
changed to a face of a woman, can we get a frontal pose
image from a profile image by gradually rotating the head?
see Figure 1.
Unfortunately, we only have one profile image, and we
don’t have a target image to warp onto. Thanks to the general symmetry of human face, we can consider the mirror
reflection of the profile image as the image seen from the
other side. By ”morphing” the image, somewhere in the
process, we could expect a frontal pose image. That’s the
general idea of our method, though our method does not
use image morphing directly.
In the next section, we can see that by using only one
profile view of a mouth image, a frontal mouth image can
be recovered based on imaging geometry.
3. IMAGING GEOMETRY
Consider the camera configuration in Figure 2. We can assume the profile image was given by the camera  , and the
mirror reflection image was given by the camera  . Let
theorigin
 of the worldcoordinate
 system be  ,i.e.
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, the virtual camera is at  ,
the virtual image is the frontal pose image.
According to the perspective56camera
78:9 model (pin-hole
is projected onto
model), a point in 3D space 4
the image plane with optical center at the world origin by
the following equation:
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This equation suggest that we can generate any virtual image by a camera on the line between  and  . Obviously,
#.
the front image can be obtained by setting *
, i.e.
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4. THE ALGORITHM
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Face and feature locating is a very important problem for
a number of applications, including lip reading. Detailed
discuss of face and feature locating is beyond the scope of
this paper. For face and mouth finding, we use the system reported by Senior [8]. From broadcasting video sequences, the system can output mouth region images with
scale, translation, and in-plane rotation compensated. The
mouth images are aligned such that the two corners of the
mouth lie in a horizontal line. Also, the image sizes are
scaled to a certain ratio with respect to the distance between
two eyes.
Given such a non-frontal mouth region image, the task
is to compensate for rotation in depth using the derivations
in the above section. The pose compensation algorithm involves two steps: In order to recover the frontal pose mouth
region, first we need to establish correspondences for the
pixels in a real view and its mirror reflection. Then the coordinates of matched pixels and their image attributes are
used to recover the frontal pose.
4.1. Matching pixels
We use color information
attributes. The orig-S*T asmatching

inal color image is in
format. The differences in
RGB values are not necessarily reflecting the color differences in human perception. In order to make the Euclidean
distance between pixelattributes
XZY\[Y(](Y reflect the perceptual differences, we use U1VW
uniform color system. Due
to great variation in the literature, we include the transform
as follows [2].
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[Y\](Y of the reference white,
, the
values are set to .
Now, let us examine constraints for matching pixels: (1)
Epipolar
constraint, which requires points on image plane
;  @   , ;  @   , and point on the object 4 be co-planar.
This means a pixel matches to a pixel@ in the mirror reflection
image only if the pixel has the same coordinates. This becomes obvious from figure 2. (2) Pixel ordering constraint,
which requires the pixels matched obey the order from left
to right (or right to left). This is a natural constraint, and can
be verified from the imaging geometry. See Figure 3.
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Figure 3: Epipolar and Ordering constraints

Many matching algorithms can be used to get dense
pixel correspondence between the given image and its mirror image. We use an algorithm that only requires pixel
level features. The pixel matching algorithm takes one nonfrontal image as input, without loss of generality, the image
can be treated as the image from left camera, then its mirror image can be treated as the image from right camera.
Let 4  and 4  be pixels in the left and right images,  the
width of@ correlation
window, then for each pixel in left im
age ;   , find its corresponding pixel in the right image
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Y :](Y for the CIELAB color attributes value
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To guarantee robust pixel matching, we use a coarse-tofine control strategy. In the first round, we use large window
size  to estimate the coarse match for each pixel; then in
the second round, a smaller window is used to find the precise match as guided by the coarse matches. The ordering
constraint is enforced at this step.

4.2. Recovering Frontal Pose Image
Once the pixel correspondences are established, we can calculate the frontal pose image using equation (6), the pixel
values are the average of the two matched pixels. Actually,
the frontal mouth image in Figure (1) was given by our algorithm.
An interesting property of our method is that an initial
pose estimation is not needed. From equation (6), we can
see that ;  and ;  can switch position, which means we can
treat the real image either as left image or right image while
the frontal pose image remains the same.
When lip contour can be reliably detected, the matching
algorithm can be very easy. One can use epipolar and ordering constraints to compensate pose by linear interpolation.

5. EXPERIMENTS
We test our method on a set of non-frontal mouth images
found from a video sequence. As seen from Figure 4, the
frontal pose mouth image is recovered. Because lighting directions are slightly different for images in different poses,
the pose compensated frontal pose mouth images are not
exactly the same as the true frontal pose mouth image.
To show the effects of pose compensation, we compare
the pose compensated images with the true frontal image.
In appearance based recognition systems, eigenspace representation is widely used for comparing images. The key
is that the Euclidean distance in eigenspace is equivalent to
image correlation [10]. For this experiment, the squared Euclidean distance between two images in CIE-LAB space are
calculated.
Also, in order to compare mouth images of different
poses, the image should be normalized to make them comparable. This can be done by normalizing the distance between two mouth corners and the distance between two eyes,
due to the fact that the ratio of these two distances are approximately constant for different poses. In this experiment,
we simply align hgthe
mouth
%\ corners to the same position, and
fit images to an
grid.
The image distance between two images is computed as
the squared
hgsum
%\ of Euclidean distances in CIE-LAB space
grid. The distance between the true frontal
on the
pose image and
the
j # d%\non-frontal
A.lb.lpose
:  ;¡v¢image in Figure 4 (middle left) is
, while for the compensated
image
in
Figure
4
(middle
right) the distance is
j #/.1£%\g¤?d¥:  ;¡v¢
. The distance between the true frontal
image and
image%g#/in
j # h3the%vgnon-frontal
+?dglF  ;=pose
.t3Figure
%\¦ZC4%\f¥(bottom
:  ;¡v¢
z¢ , while
left) is
for the pose compensated image Figure 4 (bottom right).
If we consider the non-frontal images as noise corrupted
frontal image, by doing pose compensation, we actually
achieve higher noise-to-signal ratio.

6. CONCLUSIONS
In this paper, we propose a new method to compensate pose
changes of mouth images from one profile image. This
method works purely in the image domain, and does not
require feature detection for compensation. This is especially useful for appearance based lip reading, where mouth
images are used for recognition.
When lip shape can be reliably detected, our method
can be used to compensate pose simply by linear interpolation. The limitation of our method is that both mouth corners must be visible in the profile image. Further research
is needed in order to compensate for arbitrary pose change
of the speaker.

Figure 4: True frontal pose image (Upper), non-frontal pose
(middle left) and compensated image (middle right), nonfrontal pose (bottom left) and compensated image (bottom
right)
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