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ABSTRACT

This paper presents the results of experimentation with
a simple ultrasonic lip motion detector or “Ultrasonic
Mike” in automatic speech recognition. The device is
tested in a speaker dependent isolated word recognition
task with a vocabulary consisting of the spoken dig-
its from zero to nine. The “Ultrasonic Mike” is used
as input to an automatic lip reader. The automatic
lip reader uses template matching and dynamic time
warping to determine the best candidate for a given
test utterance. The device is first tested as a stand
alone automatic lip reader achieving accuracy as high
as 89%. Next the automatic lip reader is combined with
a conventional automatic speech recognizer. Classifier
fusion is based on a pseudo probability mass function
derived from the dynamic time warping distances. The
combined system is tested with various levels of acous-
tic noise added. In a typical example, at 0dB, the
acoustic recognizer’s accuracy was 78%, the lip reader
accuracy was at 69%, but the combined accuracy was
93%. This experiment demonstrates that this simple
ultrasonic lip motion detector, that has an output data
rate 12,500 times less than a typical video camera, can
improve automatic speech recognition in noisy environ-
ments. This experiment also demonstrates an effective
classifier fusion algorithm based on dynamic time warp-
ing distances.

1. INTRODUCTION

Many potential applications in automatic speech recog-
nition require a system that can operate in high or var-
ied noise situations, such as the cockpit of an aircraft or
a noisy office. Unfortunately, the accuracy of current
automatic speech recognition systems falls off drasti-
cally as the training noise environment differs from the
actual environment. In the past many attempts have
been made to reduce the effects of noise [1]. One way
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to reduce the effects of noise is to add an estimate of
the noise environment to the clean templates recorded
during training. Using these noisy templates increases
accuracy in noise, but the accuracy still falls to unac-
ceptable levels as the signal to noise approaches zero.
Another way to deal with noise is to use knowledge
sources such as syntax and context. One lesser investi-
gated knowledge source that humans use, if available,
is lip reading. In a study done with partially deaf peo-
ple, Walden [2] demonstrates the benefit humans derive
from lip reading. In a consonant recognition task with
audio only the average accuracy was 48% and with vi-
sual only, around 45%, but with both audio and visual
the subjects achieved 85% accuracy. Clearly, including
lip information in an automatic speech recognition sys-
tem could enhance accuracy. The human ability to lip
read has inspired a number of past attempts to include
lip reading in automatic speech recognition.

2. BACKGROUND

Most of the past efforts to include lip information in
an automatic speech recognition system have relied on
video images of the mouth. In 1984, Petajan (3], us-
ing video images, showed improved results in automatic
speech recognition. Since then, researchers have tried
many pattern recognition techniques including hidden
Markov models and neural networks [4, 5, 6, 7, 8] to
incorporate lip information into an automatic speech
recognition system. Another approach, in acquiring
the lip information, concentrates less on static images
of the face and more on motion. In 1991, Mase and
Pentland [9] demonstrated that good results could be
obtained by using optical flow analysis of the video
images. All of these attempts have demonstrated im-
proved results by including the additional information
from the lips, but at a cost. A typical video camera out-
puts five megabytes of information per second. which
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represents a heavy computational burden for the rec-
ognizer. This paper will investigate the use of an “Ul-
trasonic Mike” (UM) in acquiring the lip information.
The output rate of the UM is 400 bytes per second,
which is 12,500 times less than a typical video camera.
All of the past efforts have also demonstrated difficulty
in fusing the lip information in the recognition system.
In most of the past work fusion was based on heuris-
tic rules. This paper will explore an analytic approach
to fusion based on a pseudo probability mass function
derived from the dynamic time warping distances.

3. EXPERIMENTAL METHODS

Figure 1 gives a pictorial representation of how the UM
works. The “Ultrasonic Mike” uses a piezoelectric ma-
terial and a 40KHz oscillator to create a continuous
wave ultrasonic signal. The ultrasonic signal is trans-
mitted from a headset boom mount located in front of
the speaker’s face. The signal reflects off the speaker’s
mouth and returns to an ultrasonic receiver. Repeated
reflections between the speaker’s mouth and the de-
vice establish a standing wave. As the speaker’s mouth
moves, the standing wave changes, resulting in changes
in the magnitude of the received signal. The device
then processes the received signal with an envelope de-
tector and AC coupling, resulting in a low frequency
output signal that changes in response to motion of the
speaker’s mouth. Sampling at 16KHz, the acoustic sig-
nal is collected on one channel and the UM signal is si-
multaneously collected on the second channel. Figure 2
gives a block diagram of the overall combined system.
After sampling, the acoustic signal is sent through a
dynamic time warping based classifier using LPC anal-
ysis, resulting in 10 LPC cepstral coeflicients per step.
Analysis of the UM signal indicated no significant fre-
quency components above 50Hz, therefore the signal
could be significantly down sampled. To coincide with
the number of windows analyzed by the acoustic sys-
tem, the UM signal was down sampled by 80, resulting
in an effective sampling rate of 200Hz. Both the acous-
tic and ultrasonic classifiers are based on dynamic time
warping distance between the test utterance and train-
ing templates. Each classifier outputs a ranked list of
the candidates and their DTW distances. Classifier
fusion is accomplished by converting the ranked dis-
tances to a pseudo probability mass function. One way
to convert the distances to probabilities is to let the
probability for each class, k, be defined as
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Figure 2: Block Diagram of Combined System

where d;, is the distance between the class k template
and the test utterance and M is the total number of
classes [10]. The resulting pseudo probability mass
functions are combined into one, using a scale factor
to compensate for the different reliabilities of the two
classifiers. The combined probability mass function, P,
is -

Pk =2A * Dk.ac + (1 - /\) * Pk,um: (2)

where pj gc and pg um are the probability mass func-
tions for the acoustic and ultrasonic classifiers and A is
the scale factor.

4. RESULTS

The following results are based on speaker dependent
tests in a isolated digit recognition task. In each test
100 test utterances were used and up to four templates
per class. In the following sections results of the auto-
matic speech recognizer alone, the automatic lip reader
alone, and a combined recognizer are presented.
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Figure 3: Typical results of the acoustic classifier alone.
*: 4 reference templates per class,x: 1 reference Tem-
plate per class.

Table 1: Average automatic lip reader accuracies over 5
tests in percentages within one session. The Ultrasonic
recordings were made sequentially.

Number of | Ultrasonic
Templates Mike

1 75.2

2 80.2

3 86.2

4 89.2

4.1. Automatic Speech Recognizer

Figure 3 demonstrates the typical results of the au-
tomatic speech recognizer, with various level of white
Gaussian noise added. For these results, the same level
of white noise is added to the templates and the test ut-
terances. As can be seen from the figure increasing the
number of templates increases the accuracy, but it also
increases the computations required for classification.

4.2. Automatic Lip Reader

The initial tests with the UM demonstrated the de-
vice was sensitive to position, resulting in an average
cross session accuracy of 12.6%. To reduce the effect
of movements, recordings were made in sequences such
as (0,0,0,...,1,1,...). Recording in this manner reduced
the chances of moving the device between utterances.
The average accuracy of the automatic lip reader alone
is presented in Table 1. Again increasing the number
of reference templates improves the overall accuracy.
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Figure 4: Results using 4 acoustic templates and 1 UM
template

4.3. Combined Recognizer

Figures 4 and 5 summarize the results of this experi-
ment. Two different runs of the experiment are pre-
sented. The first run uses a single template per class
and the second run is based on four templates per class.
From the first experiment, the flat line at 69% is the
accuracy achieved for the lip reader alone using the
first utterance as the reference template. Depending
on the reference template selected, single template re-
sults varied from 65-82%. Various levels of white Gaus-
sian noise were added to the acoustic utterances and
the same level of noise was added to the acoustic tem-
plates. As the SNR fell below 0dB the accuracy of the
acoustic system drops off rapidly. Note that the com-
bined results are always equal to or better than the
best of the individual classifiers. The best improve-
ment was at 0dB, the acoustic recognizer’s accuracy
was 78%, the lip reader accuracy was at 69%, but the
combined accuracy was 93%. The experiment using
four ultrasonic templates resulted in better lip reader
performance, 85%, and the combined performance at
0dB was 90%, approximately the same as before.

5. CONCLUSIONS

This experiment clearly demonstrates that a simple ul-
trasonic lip motion detector can provide some lip in-
formation without the computational burden of video
images. The results also demonstrate an effective way
to fuse the ultrasonic classifier with an acoustic clas-
sifier, achieving improved performance in noisy situ-
ations. Even though the “Ultrasonic Mike” offers a
tremendous computational savings over video it has the
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Figure 5: Results using 4 acoustic templates and 4 UM
templates

drawback of position sensitivity. This sensitivity can
be somewhat mitigated by using a helmet mount, but
a more position insensitive design is needed for prac-
tical implementation. Ideally a simple device needs to
be found that can extract the most important features
in lip reading, which based on past studies [11, 12] are
vertical lip separation, puckeredness, and horizontal ex-
tension of the lips. Clearly automatic lip reading could
make applications, in varied and high noise environ-
ments, possible.
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