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Abstract
\Vhile they might not even notice it. humans use their eyes when they are
understanding speech. Especially when the quality of the sound deteriorates,
the visual counterpart can contribute considerably to the intelligibility of speech.

Artificial speech recognizers have great difficulty with discerning speech from
varying background noise. \Ve can learn from humans that incorporating visual
information in the recognition process, can be a fruitful approach to this prob-
lem. The field of artificial audio-visual speech recognition is indeed a popular
and growing one, with still a lot of territories to explore.

An overview of audio-visual speech recognition today is given, as well as an
investigation into where visual speech processing can really contribute to speech
recognition. Three different methods are discerned, namely:

• Detecting whether there is a speaker at all.

• Knowing when someone is speaking or silent.

• Distinguishing similar sounding phonemes.

A system was created with the purpose of exploring the problems and possi-
bilities of audio-visual speech recognition in 'real-life' situations, without the
help of artificial circumstances to facilitate recognition. This system estimates
a set of features that can be used for distinguishing similar phonemes, and for
estimating whether a speaker is silent or not. Although it has not been imple-
mented, the system could very well be expanded to detect whether there is a
speaker at all.

It was found that detecting the whereabouts of a mouth in a video frame,
with the precondition that the image contains a face at a certain distance, can
be done in a simple en coniputationally cheap manner. This method is based
primarily on the selection of pixels with a certain hue, and to a lesser degree
saturation and brightness. The extraction of features such as the region of
interest, the height and width of the outer contour and the height of the inner
contour of the mouth, renders varying results. Some subjects give very good
results, whereas others give poor results.

The main problems lie in articulation and the differences between speakers.
In continuous speech, visemnes are heavily influenced by surrounding visemes,
and therefore it is hard to discern them accurately. Furthermore, due to the
differences between speakers it is hard to create a single system that works well
for all subjects. Speakers articulate differently1and although lips have a similar
hue, the distribution of colour of the faces differs as well.

\Vith regard to the methods of improving auditory speech recognition, the
discrimination between phonemes will most probably be very difficult with this
system. Although the system can predict reliably whether a mouth is opened
or closed, other viseme-related features such as 'rounded' or 'spread', are hard
to categorize. Next to unclear articulation, this is because in continuous speech
visemes are heavily influenced by surrounding visemes. It is estimated that
detecting whether a speaker is silent or speaking can only be done in situations
where the speaker closes his mouth for a longer period of time.

'As could be expected, see [201.
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To conclude, a crude method has been implemented that can be used for
further research. Not only can the lip detection be refined, this system also
begs the development of a module that classifies the estimated features. Aside
from speech recognition, the method for detecting areas of a certain colour may
prove successful in a lot more applications.
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Chapter 1

Introduction

1.1 What a piece of work is man!
.In apprehension, how like a god!'

When humans are having a conversation, the most important part of under-
standing one another is hearing what the other has to say. The actual hearing
is a complicated process. Waves travel through the air to reach your ear, the
eardrum sends vibrations to the tiny ossicles, which beat on the cochlea. The
cochlea transforms vibrations into electrical signals and sends them to your
brain. The brain somehow transforms these pulses into intelligible speech.

Transforming these signals into something you can understand is a very
complicated process, but your brain handles it in a very smart way. For example,
if the auditory input stream is disrupted, the brain is very good at filling in
the blank spots. Say, you're having a discussion with a friend in the kitchen,
and the loud ping! from the microwave oven causes you to miss a word your
friend is saying. You probably would not even notice it! Or if someone says:
"Your parents were very mice", you'd be inclined to hear: "Your parents were
very nice", simply because that would be a lot more likely thing to say2. The
process of understanding speech is very robust. The mind can make mistakes
and may take a wrong guess when filling in the blank spots. You've probably
experienced the confusing situation where you misheard someone.

Next to 'guessing the gaps', another way of improving perception is looking
at the speakers face. Facial expressions can greatly help you in guessing what
message the speaker is trying to convey, and looking at the movements of the
mouth may help to distinguish between confusing sounds. The sounds for /m/3
and /n/ for example, are very similar, but if you see someone saying either mice
or nice with an open mouth when pronouncing the first sounds, your eyes will
tell you you could not have heard mice. We see that hearing includes more than
sound alone.

The title and this quote are both from William Shakespeare: Hamlet, Prince of Denmark,
1601

2Maybe you even had to reread the examples, because you did not notice the word mice
the first time. The same thing occurs when you hear someone speak.

3Throughout this thesis phonetic spelling will be enclosed in /'s. The SAMPA alphabet
[28] is used. See also appendix A.
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1.2 Talking with machines
We are able to understand each other in a quiet office, but also in a crowded
discotheque or across the street. We can even read one's 11ps mouthing I love
you behind a window. Humans can speak with each other in variable and
unpredictable situations. But when we try to engineer a machine that can
understand speech as good as a human can, the results are disappointing.

For at least half a century scientists and engineers have been trying to make
machines that can interpret speech. Estimates that a truly robust automatic
speech recognition system is about 5 to 10 years away are regularly reiterated
[34]. At the moment, some applications that do automatic speech recognition
are created and sold, but these systems typically operate under limited condi-
tions. Examples are telephone services and dictation programs. Their use is
not very widespread, because for the telephone services, it only works if the
customer is allowed to say a very limited set of words4. Dictation programs
require a lot of training per user, which people usually do not consider worth
the effort.

Figure 1.1: HAL reading lips in 2001: A Space Odyssey

The question is whether the scene from Stanley Kubrick's 1968 masterpiece
movie 2001: A Space Odyssey, where the man-made computer HAL 9000 'over-
hears' a conversation of the unfortunate crew by reading their lips, is just a
fantasy, or that it could happen as soon as 2010?

Artificial Intelligence is a field of research that focuses on the way natural, cog-
nitive systems solve problems. Humans have been speaking with each other
for millennia and the most complex techniques have emerged throughout evo-
lution. Consequently, it may be fruitful to let the human be an inspiration for
developing an artificial speech recognizer. One of these techniques for better
understanding is looking at the speaker. Thus, one of the things we can copy is
making use of available visual information. That will be the central question of
this thesis:

How can automatic speech perception based on sound alone, improve
with automatic lipreading?

4e.g. only numbers
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This thesis is an exploration of the field of audio-visual speech recognition.
What is the state of the art of speech recognition today, where lie the problems,
and where can visual input contribute? When and how do humans make use
of visual information when they are interpreting speech, and what can the field
of automatic speech recognition gain by incorporating similar methods? Fur-
thermore, an attempt is made to create a system that can extract meaningful
features from video recorded speakers. The focus here lies on discovering the
problems and possibilities when employing a speech reading system in 'real-life',
where one has but limited control over the input.
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Chapter 2

Theoretical Background

2.1 Automatic speech recognition
In the 1950's researchers at Lincoln Labs first started work on automatic speech
recognition (ASR) [13]. Several developments in the fields of digital signal
processing and pattern recognition, such as the Viterbi algorithm and Hid-
den Markov Models, had a great influence on the way most automatic speech
recognition systems operate today. This section is an overview of research and
accomplishmeiits in the field of automatic speech recognition until today.

2.1.1 Automatic speech recognition at work
Nowadays, most ASR systems are based on finding the best match between a
sequence of observations and a sequence of possible utterances [2, 35]. The set
of possible utterances makes up the corpus of the recognition system. Entries
in the corpus can vary from a limited set of words (e.g. "zero", "one", "two",

., "nine") to entries for each phoneme1 in a language.
The process of speech recognition can be divided into three stages. The first

stage is the transforming of sound into a waveform. The sound, which includes
speech, is recorded by a microphone and transformed into a digital signal. In
the second stage the waveform is digitally filtered, and relevant features are
extracted. Periodically a feature vector is calculated that represents an instant
in time. The values of such a vector can for example relate to the magnitude,
or the change in magnitude, of a range of frequencies in the original signal.
Because one feature vector represents an instant in time, a stream of speech is
represented by a sequence of feature vectors.

In the third stage the feature vectors are used to estimate the most likely
utterance from the corpus. The central rule for computing the likelihood of an
utterance, given a sequence of feature vectors, is Bayes' decision rule:

P(wly) = P(yv)P(w)
(2.1)

Here, y is the observation of a set of feature vectors, w is an utterance from the
corpus. P(y) is the probability of observing y, P(w) the probability of observing

1Phonemes will be discussed in greater detail in section 2.2.2.
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w, and P(ylw) the probability of observing the feature vectors y given utterance
w. P(w) and P(y) are relatively easy to estimate. If one has a large dataset of
which one has all sounds and know the utterances that are made, for example
the sound consists of the audio track from the movie 2001, A Space Odyssey,
and one has the script with a transcription of all spoken text, one can count
all occurrences of y in the audio track, and count all occurrences of w in the
script. Say the corpus has entries for syllables, then y could for example be
the sequence of feature vectors from the average sound for /pod/, and w could
be the syllable "pod" taken from the script. Representing P(yiw) is the most
difficult task. The common approach is to use Hidden Markov Models (HM\Is).

Figure 2.1: A three state Hidden Markov Model. A speech recognition system
utilizes a large set of such models for each of the utterances (e.g., words).

For each entry in the corpus a Hidden Markov Model is trained. The H\IM
in figure 2.1 consists of three states (A. B and C). These states could represent
for example the onset, nucleus and coda2 of a syllable. The weights aAA, aAB,

define the probabilities of going from one state to another. For a long
/o:/ nucleus, the recurrent aBB would be higher than for a short /o/. The
probabilities P(yi), P(y2), ..., P(yL), define the chance of observing feature
vector yj, Y2, ..., YL, in the corresponding state. The Viterbi algorithm3 is
used for estimating whether the utterance this HMM represents matches the
observed sequence of feature vectors. Together the values of aAA, UAB, ..., and
P(yi), P(y2), ..., define P(ylw) according to equation 2.2.

L

P(ylw) = a01 fl P(y1)a.,,+1

Here ir is the state that corresponds to P(y1). Now, when an unknown sequence
of observations is being processed, the H\IM that predicts the highest chance of
observing this sequence is the HMM modeled for the utterance that the system

P(V3) P(ys)

(2.2)

2The onset, nucleus and coda of a syllable correspond to the start, middle and end of the
syllable

3The Viterbi algorithm is an algorithm that computes the likelihood of a sequen of states
with a given observation.
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will recognize. Defining the corpus and training the HMMs are the challenges of
this type of speech recognition. Training all HMMs is a vast and time-consuming
task.

That sums up the three stages for the recognition process. As there are
a lot of variations on this process of speech recognition, this is only a global
indication of what is the machinery in the average speech recognition system.

2.1.2 The state of the art

1576 Graham Bell invents the telephone. Attempts to
reduce the necessary bandwidth give a research in
speech synthesis and perception a boost.

1950's Lincoln Laboratories begin research in automatic
speech recognition.

1967 Viterbi introduces an algorithm, that is a way of
finding the most likely series of states in a Hidden
Markov Model (HMM)

ca. 1967 The Fast Fourier Transform (FFT) makes its en-
trance in ASR.

1970's Hidden Markov Models become popular.
1980's Artificial Neural Networks (ANN) become popular.
1980's The introduction of Digital Signal Processing (DSP)

chips on the markets greatly facilitates ASR.
1986 IBM exhibits the Tangora system, a user specific iso-

lated word recognition program.
1992 AT&T deploys an automated telephone service.
1995 Apple introduces dictation systems for fluent speech.

Table 2.1: A brief history of automatic speech recognition, adapted from [13].

Speech recognition is an active field of research in Artificial Intelligence.
Teams of researchers throughout the world are working on robust recognition
systems, and to measure progress several tests were devised. The Natural In-
stitute of Standards and Technology (NIST) creates such tests, an example of
which is the Hub 4 Broadcast News evaluation [24]. In total 30.8 hours of news
have to be recognized, within a time that is less than ten times the length of the
original signal. The news material is especially challenging because of the wide
variety in sound. The background noise varies greatly, and there are intervals
with no speech at all. Sometimes the speech is compressed to a small bandwidth,
and the speakers themselves have different accents, intonations, etcetera. The
results on this test vary around a word error rate4 of 14% to 20% [25, 23, 7].
Another test created by NIST is the Hub 5 Conversational Telephone evalua-
tion. The dataset consists of natural telephone conversations. The lowest word
error rates roughly vary from 20% to 30% for different sets [8].

Although these results seem pessimistic, various automatic speech recogni-
tion systems are used in 'real-life'. Telephone services exist, which can take

4Word error rate (WER) is a common measure for ASR systems. A word error rate of 20%
means that 20% of the words were incorrectly recognized
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input from multiple users. Typically, these systems assume a very rigid dia-
log structure, because the more a systems knows about the context, the better
it can estimate what is said. Dictation programs have been around since 1995,
but still rely on a lot of speaker-dependent training. An example are Microsoft's
palmtop computers that can be primarily speech controlled [18]. Furthermore,
a lot of cell phones are equipped with voice dialing: saying a same will make it
call the person it is trained for. We see that numerous companies are trying very
hard to improve and sell speech recognition software, but at this moment there
are very few successful implementations, other than systems that only operate
under strict conditions.

2.1.3 The problems
Why is it so hard to create a proper recognition system, that works well under
different conditions? Humans easily recognize the familiar sound of a human
voice, and it is even easy to discern different voices. Humans are able to localize
a speaker, because they can estimate where a sound comes from. If humans see a
speaker, they can match the sounds he makes to the movement of his lips. When
the speaker is silent, they know no speech is uttered. In other words, humans
have little difficulty with selecting that part of the environmental sound, which
is speech.

Computers, on the other hand have great difficulty with discerning speech
from background noise. If the speech is uttered in a situation where the back-
ground sounds are predictable, most systems render reasonable results. But
in a complex auditory environment, the results degrade catastrophically. The
computer has to know when speech is uttered, and when a speaker is silent,
otherwise background noise will be interpreted as speech. Furthermore, differ-
ent speakers have different voices, different intonation, different accents, which
makes the set of intelligible utterances a whole lot wider. These problems all
boil down to the signal-in-noise paradox [2]:

Selecting the desired signal can be done if the noise is known. But
only once the desired signal is selected properly, one knows what
part of the signal is noise.

The limitations of Hidden Markov Models may be an obstacle in the way of
solving this problem. Since the likelihood of observing certain utterances in
a state depends on the current state alone and not the states before, HMMs
assume that no correlation exists between input observations over time. In the
case of a noisy versus clean observation, one HMM will not be able to make use
of knowledge about the noise. In order to compensate for this, different models
have to be made for a noisy and a clean utterance. In contrast, if a human is
listening to someone in a noisy situation, he will expect noisy speech to follow.

As stated above, humans seem to solve this paradox all at once; selecting
speech from all of the incoming sounds from the environment hardly seems to
make comprehending speech more difficult. This thesis focuses on one of the
mechanisms the human uses, namely looking at the speakers face to improve
recognition.
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2.2 Human speech reading
Just by looking, we can tell where a sound is coming from, and whether a
speaker is silent or speaking. When hearing deteriorates, people rely more and
more on lipreading. For the deaf, lipreading can be the most important way to
perceive speech. Sumby and Pollack (1954) did research where intelligibility of
speech increases around 80% at different signal to noise ratios (SNRs)5, if the
auditory information is accompanied by visual information (when the subjects
could see the speaker clearly)6 [30]. This ratio means that the visual information
compensates up to 80% of the intelligibility loss caused by the noise poluting
the audio signal. Interesting to note is that this ratio does not change much for
different signal to noise ratios. For a signal to noise ratio of 0 dB the auditory
information alone is enough for near perfect recognition. In another experiment
by Risberg and Lubker from 1978 (described in [29]), subjects saw a speakers
face, and heard a low-pass filtered auditory signal of the speaker. With the vi-
sual information alone, the subjects recognized 1% correctly, and with auditory
input alone a mere 6%, but if the visual and auditory information was pre-
sented. 45% of the words was recognized correctly. The characteristic increase
of intelligibility due to additional visual information is depicted in figure 2.2.

100%

2visual7
visual only

audio only

—NdB signal to noise ratio 0 dB

Figure 2.2: Characteristic intelligibility scores at an increasing signal to noise
ratio, for audio only, visual only and audio-visual speech recognition by humans.
Here N could be a value around 20 or 30. The exact scores depend on the nature
of the different stimuli, the size of the set of words which have to be recognized,
etcetera.

5A signal to noise ratio of +1 dB implies that the speech signal was 1 decibel louder than
the background noise.

6The intelligibility also depends on the context wherein the auditory stimulus is presented;
in the case of Sumby and Pollack words had to be recognized, out of different sets with sizes
varying from 8 to 32 words. Signal to noise ratios from -30dB to +oodB (no noise) were
investigated.
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2.2.1 The McGurk effect
A strildng example of how the mind uses visual input when understanding speech
is what is called the McGurk effect. This effect was first described by McGurk
and MacDonald in 1976 [17], and shows how vision can greatly influence speech
perception. In an experiment, the researchers showed their subject the face of a
woman uttering sounds like /gaga/, dubbed with the sound of the woman saying
/baba/. The subjects then had to repeat the sound they heard. With closed eyes,
thus ignoring the visual stimulus, the recognition rate was very high. But when
hearing and seeing both stimuli, the larger part of the subjects reported hearing
/dada/! Even though the subjects could correctly reproduce the stimulus by
hearing alone, if they also used what they saw, they heard something different.
So not only can visual information aid in speech perception, visual input can
influence speech perception even in cases where the auditory information is
clearly audible.

The confusion can be explained when looking at different aspects of the
sounds /d/, /9/ and /b/. The aspects to consider here are the place and manner
of articulation7. In this case the place of the visual input is different from the
place of the auditory input. The subject sees an opened mouth when the woman
pronounces the velar /g/ but actually hears the bilabial ,4/. The subject seems
to combine visually perceived place, namely an opened mouth, with auditory
perceived manner, namely plosive. The /d/ is the best fit. it is a better fit
than /9/, because it sounds more like /b/ and visually the /g/ and /d/ look
very much alike. However, the simplification that the visually perceived place is
combined with the auditory perceived manner is sometimes too straightforward
[31], it is often some 'in between' form. For example, the subject sometimes
reports hearing both the acoustically and visually perceived place (such as ,/bga/.
An overview of some of the combinations of visual and auditory consonants and
the way they were perceived is given in table 2.28. The effect is most pronounced
where a bilabial auditory utterance is combined with the lip movements of a non
labial utterance [15].

Visual Audio Perceived
/qa/ /ba/ /da/ 64.0%, /ga/ 27.0%, ,/ba/ 9.0%
,/bu/ /ga/ /ga/ 83.0%, /bga/ 17.0%
/ka/ /pa/ /pa/ 70.0%, /ta/ 10%, /ka/ 10%, ,/tha/ 10%
/pa/ /ka/ /ka/ 82.0%, /pa/ 9.0%, /pka/ 9.0%

Table 2.2: The McGurk effect: some examples of what subjects reported hearing
with different auditory and visual stimuli, from [17].

2.2.2 Confusing phonemes arid visemes

In section 1.1 we saw that the sounds /m/ and /n/ are very easily confused,
but if we are looking at the speaker, it is easy to discern them. The shortest
meaningful speech sound is called a phoneme. Phonemes can thus be discerned

7See appendix A
8For a more complete overview, including a quantitative measure of responses see 117, 15J.
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Figure 2.3: A phoneme is audible. Figure 2.4: Shape and movements of
A spectral sound pattern gives insight the mouth are aspects of a viseme.
into what frequencies contribute the
most to a specific phoneme. The hor-
izontal axis is the time scale, and the
vertical axis is the frequency scale.

by the (change in) phase and amplitude of certain frequencies. The visual
aspects of a phoneme is referred to as the viseme. Aspects of a viseme are
the shape and movements of the mouth, but also the chin, cheek and eyes may
contribute to the visual intelligibility of a viseme. See figure 2.3 and 2.4 for
a visual explanation. So we can say that the phonemes for /m/ and /n/ are
very easily confused but the visemes are not. We have seen with the McGurk
effect, that for example the phonemes for /b/ and /d/ sound very similar. A
comparison of confusion among visemes and phonemes gives insight into where
visual information can contribute the most.

Miller and Nicely [19] investigated the auditory confusion among consonants,
and Walden et al. [32] did research into confusion among consonants that were
visually presented. Summerfield [311 compares the results of these two experi-
ments. In the experiment where the auditory confusion among consonants was
measured, different signal to noise ratios were used. The results in figure 2.5
show that confusion among different categories increases with a lower signal
to noise ratio, as one expects. For example, when the background noise is 6
dB louder than the speech signal, confusion within the three groups voiceless,
nasal or voiced, is so high that the different members of these groups can not
be discerned. So the /m/ and the /n/ (both nasal) can not be discerned, but
the /m/ and the /g/ (nasal and voiced) can. Next to the auditory confusion,
the measurements of visual confusions are shown in figure 2.6. On the latter
diagram, the vertical axis indicates which visemes are sooner confused, so the
two visemes that are the hardest to tell apart are /th/ and /dh/. The 75% line
indicates that on 75% of the presentations of the visual stimuli the consonants
were confused with consonants from the same cluster (e.g. /g/ would be con-
fused with /k/ or itself but not with /w/). Comparing these two diagrams
gives insight into which consonants are likely to be mixed up with each other if
one hears them, but can be easily distinguished if one sees the speaker.

2.2.3 What people look at when reading speech
In order to be able to simulate human speech reading on a machine, a choice
has to be made in what features of the face will be used to extract information

14
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Figure 2.5: Auditory confusion among consonants, taken from [31]

from. \Ve have seen that the place of articulation is important, specifically
opened versus closed is highly visible. Rounded versus spread is highly visible
as well, but front versus back is hardly visible at all [27]. BenoIt et a!. [3]

investigated different models and their contribution to intelligibility of speech
in different signal to noise ratios. These models were each controlled by (a subset
of) the following six parameters: internal lip height and width, protrusion of the
upper and lower lip, lip contact and jaw rotation. It was found that the most
complete facial model gave the best intelligibility scores. This model consisted
of an animated face controlled by all six parameters. The two other models
were a jaw/skull model, controlled by the same parameters, but skin other than
the lips was left out, and a model which consisted only of the lips and was
controlled by all parameters except for the jaw rotation. For comparison, at
a SNR of -18 dB, the intelligibility score of the facial model is around 40%,
the skull model scores around 30% and the lips only model scores around 25%.
The contribution to intelligibility of the image of a natural face (the eyes were
covered), and just natural lips was investigated as well. Interesting to note is
that the natural face gives by far the best intelligibility scores of all, for lower
signal to noise ratios more than 1.5 times the score of the animated face model
(at a signal to noise ratio of-18 dB, the audio + natural f&e scores around 65%
percent intelligibility), but that the natural lips alone did not score that much
better than the lip model. For exact scores see [3]. The conclusion is made that
even though the lips give the most important cues for speech reading, the more
information about the face is given, the better humans can speech read. For
example, cues givemi by the teeth, chin, cheeks and tongue are important as well.

To conclude the section on human speech reading, three different situations
where humans use visual information when understanding speech are discerned:

1. Judging whether a sound is coming from a speaker or if it is background
noise, by looking at the speaker.

2. Checking whether a speaker is silent or speaking.
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-75%

Figure 2.6: Visual confusion among consonants, taken from [31]

3. Making better estimates of what was uttered, by combining the sounds
and the movement of a speakers face.

So when you are having a conversation in the crowded discotheque, or across a
noisy street, you'll also use what you see, rather than only what you hear.

2.3 Audio-visual speech recognition
We have seen the core problems of automatic speech recognition, and we have
taken a look at lipreading as a human way of solving the problems that are
similar to the difficulties in ASR. Both are good reasons for taking a look at the
possibilities of audio-visual speech recognition. The field of audio-visual speech
recognition (AVSR) is a relatively new one, it started becoming populai in the
1980s. The focus of the field lies on the classification of possible visemes.

2.3.1 Audio-visual speech recognition at work
Although there is a wide variation of methods of automatic speech reading, a
global description of the audio-visual speech recognition process will be given
here. Since the process of auditory speech recognition is outlined in section 2.1.1,
the focus here lies on automatic lipreading and the integration of visual and
acoustical information.

The process can be divided in three stages. In the first stage the movements
of the speakers face are captured on video. Dependant on the requirements of
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the system different types of cameras can be employed. Aspects to consider
are the frame rate of the camera, the distance of the camera to the face, the
amount of pixels in a frame and the lighting conditions. The duration of the
average phoneme is generally estimated at about 100 ms, so the frame rate of
the camera should be at the very least 20 frames per second9. A frame rate of
25 Hz is common for a normal 'cheap' camera, but material with frame rates
of 50 Hz or 60 Hz is used as well [12]. The distance of the camera to the
face is important to consider, because the closer the face is to the camera, the
greater effect outward pronunciation of the lips will have on the image, due to
perspective. Furthermore, the amount of pixels is important. The more pixels in
an image, the more precise distances can be measured. The lighting conditions
greatly affect the colour of an image.

An example of visual data used for audio-visual speech recognition is the
IBM ViaVoice audio-visual database. it is a large collection of movies of different
speakers. Movies in this database have an interlaced frame rate of 30 Hz, so
60 frames per second are available, and each frame consists of 704 x 480 pixels.
The movies are compressed in via the MPEG-4 mode at a ratio of 50:1 [22].

In the second stage information is extracted from individual frames. De-
pendant on whet her the face is at a fixed position relative to the camera or
not, first the face has to be located. A common method for speaker detection
makes use of the hue1° of the skin. This has proven to be a very successful
cue, since the hue of the facial skin is very similar across people, even across
different races [12). Furthermore, cues such as edges and the intensity of pixels
relative to their environment are used to locate facial features such as the eyes,
nostrils or mouth. Once the face is located the relevant features of the face
have to be extracted. Choosing which features should be extracted is a very
important decision to make, since it defines the different states of the face or
lips which the system can discern. No real consensus exist about which features
exactly describe the linguistic states of the face correctly. Low and high level
approaches can be discerned here [12, 22]. In the low level approach the region
of the image containing the lips is considered as a whole as a region of interest
(ROl). Usually, machine learning, like training neural networks [12] and Prin-
cipal Component Analysis (a statistical method for extracting non correlated
compomlents) [22], are applied when categorizing pixel based regions of interest.

The second approach uses a priori knowledge about the face and lips to
measure higher level features. The lower level knowledge about the region of
interest can be used to locate features, as well as cues such as colour [33] of the
lips or shadows from the oral cavity [11]. Sometimes, artificial cues such a blue
lipstick or other markers on the face are used to facilitate accurate detection
[1]. Examples of higher level lip detection are estimating the (inner or outer)
width and height of the lips, the size of the area between the lips, the size of this
area plus the lips, or the change, or the change in change of these parameters
[1, 11, 22]. A more sophisticated approach is the matching of an inner and
outer contour to the lip region to possible lip shapes [16, 22, 26]. Sometimes 3D
models of the lips are used [12]. Petajan was the first to measure radial vectors
representing the distance of the lips from the center of the mouth at different
angles [22, 29, 33]. Another common method to obtain the outer contour of the

91n order to be able to measure frequencies of 10 Hz, a sampling rate of 20 Hz is required.
'0For an explanation on hue, saturation and brightness see section 3.2, footnote 2.
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mouth uses snakes, a method for finding the contour which fits a region the best
[5]. The information thus extracted (be it as radial vectors, snakes, etcetera) is
used for the following stage.

In the third stage estimates of possible utterances are made. Detecting
if the speaker is silent or not can happen at this stage as well, if silence is
considered a special type of utterance. Just as in auditory speech recognition,
the predicting of the most likely utterance is done with Hidden Markov Models.
Before using the visual features to estimate possible utterances, a decision has
to be made about when to combine the auditory and visual information. When
and how to integrate the auditory and visual stream is still very much a subject
of research.

\Vith early integration the auditory and visual feature vector are concate-
nated to form one feature vector, which is then processed by the HMM [1, 10].
Late integration can be considered a special case of early integration [12] and
should improve an early integration system. In this case the auditory and the
visual stream are categorized before the information is fused. The two separate
categorizers both produce a list of probabilities for all utterances in the corpus.
Combining these lists renders the best estimate. A simple way of combining
these list is by taking the cross product of the probabilities of both channels of
all utterances and selecting the highest candidate. More sophisticated methods
of selection provide better results, however. By estimating the degree of (er-
tainty of each output channel, a choice can be made to what channel should have
(more) influence on selecting the best candidate [1, 10]. Ideally, both channels
should be recoded into articulatory features and then combined into an articula-
tory categorizer, but there is not enough knowledge about articulatory dynamics
to do so, according to [10]. Although late integration should improve an early
integration system, a vast amount of probabilities have to be calculated, which
makes it practical only for a small set of possible utterances. For example, late
integration is used when categorizing phonemes, and a word or sentence recog-
nizer is built on top of that [12]. Another argument against late integration is
that evidence, such as the McGurk effect, suggests that for humans audio-visual
integration happens prior to phonetic categorization [10, 31].

2.3.2 State of the art
Although many reports are made about the successful use of visual information
to improve recognition [1, 12, 21, 22, 29], it is hard to give an estimate of where
we are now in the field of AVSR. Central tests to measure progress, with such a
widespread participation as exist in the field of auditory speech recognition, do
not exist today. Hennecke et al. in 1996 [12] compare the field of audio-visual
speech recognition with auditory speech recognition in the 1940s and 1950s. A
lot is to be learned from auditory speech recognition however, so development
could go a lot faster.

2.3.3 Problems
A central issue in the field is feature extraction: what features should be ex-
tracted, and how. Especially with regard to the similarities and differences be-
tween speakers, the choice of appropriate features can make or break an AVSR
system designed for speaker independence. The movement of the head alters
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the measured features. So when a the head is turned sideways, the lips will be
observed differently. If a face is closer to the camera, the change in perspective
could be confused with a change in protrusion of the lips. When the head is
tilted, or rolled, the height and width of the mouth rotate as well [26]. Further-
more, the fusion of visual and auditory data is subject to research. Next to the
question of when the two data streams should be fused, the synchronization can
be a problem, since the two streams are not always in sync. depending on the
equipment used. Another type of problem is that AVSR lacks the tradition of
tests such as the Hub 4 Broadcast News evaluation, and does not have a lot of
accessible large labeled databases.
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Chapter 3

HSB—based Automatic Lip
detection

The majority of speech reading systems nowadays are developed to operate
under conditions that are adapted to facilitate recognition. For example, blue
lipstick is used, a very limited vocabulary is used or the subjects are asked
to articulate clearly. However, in order for an automatic lipreading module to
improve an auditory recognizer that operates in everyday circumstances, this
module will have to cope with 'natural' circumstances as well. This was the
motivation to explore the problems that occur when trying to process data that
is obtained in a 'real-life' situation. A system for automatic feature extraction
was created, in order to gain first-hand insight into automatic lipreading. At
a low level the smallest rectangle containing the 11ps is extracted, and with the
use of this region higher level features are extracted as well. The requirements
are formulated as followed:

3.1 Requirements
Simplicity. The system has to be able to run on a normal home
computer and produce results in real time (or at least as fast as
a normal ASR system), therefore the method should not be too
complex. A normal, relatively cheap digital camera is used with a
frame rate of 25 frames per second. Each frame was transformed to
an image of 200 by 150 pixels, with 24 bit RGB colour depth. Every
pixel can be described by a value between 0 and 255 for the red, green
and blue component. Furthermore, every frame was compressed
in JPEG format, since compression is a very widespread technique
when storing large amounts of data.

Robustness. The conditions for the speakers were as 'natural' as
possible. The test subjects were asked to articulate normally, and no
parts of the face were accented with for example lipstick. However,
the lighting was virtually the same in all recordings, the position
of the face was always at the same distance to the camera and the
mouth was always visible. Furthermore, all speakers were white.
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Except for the latter, these are conditions that can be manipulated
in 'real-life' situations. The illumination can be controlled by placing
lights. and the placement of the camera relative to a microphone or
a screen can direct the face of a speaker to a predictable location.

Benolt et al. found that of different models, the subjects could speech read the
best from the model of the complete face [3]. This model is controlled by six
parameters: internal lip height and width, protrusion of the upper and lower
lip, lip contact and jaw rotation. For this simple lipreading application a subset
of these features was chosen.

• The region of interest. The smallest rectangle containing the outer
contour of the mouth is considered the region of interest. The height and
width of the outer contour of the mouth follow directly form this rectangle.
In the software, these features are referred to as width and height.

• The inner contour of the mouth. The opening of the mouth tells
more about a viseme than the shape of the outer contour if the mouth,
because this information gives a directer insight into whether a mouth
was for example opened or closed. But, as we will see in the results,
this feature was harder to measure than the outer contour. The width is
considered too difficult too estimate, since the corners of the mouth are
hard to detect (see section 3.2.4). Only the height is estimated. In the
software this feature is referred to as innerLipHeight.

Note that 'closed' versus 'opened' and 'rounded' versus 'spread' can be described
by these features, and as we have seen these features are very important [27].
To meet these requirements, a software package is developed in Java.

3.2 Method
3.2.1 Subjects
Eight subjects (four female and four male) were seated in a room, two meters
away from the camera. All subjects were native Dutch speakers. They were
asked to read aloud a sequence of English digits and to answer a question in
Dutch. The latter will be referred to as natural speech. Typically the complete
face of the speaker was filmed. However, the speakers moved their head when
reading from a paper ox- answering a question, but the lips are always visible in
the recordings. See appendix B for example frames of all eight subjects.

3.2.2 How to begin
The video material was transformed into sequences of images using Adobe Pre-
miere. Figure D.1' shows original images that will serve as examples for the
different steps of the feature extraction. Next, the redness of the lips is used for
selecting the part of the image where the lips are. Several methods were tested
for selecting the pixels of the proper colour. Parabolic filtering of a specific

1 Figures with a preceding letter rather than a number can be found in the corresponding
appendix.
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hue, saturation and brightness2 gave the best results. See appendix C for a
description of the different filter methods that were compared.

3.2.3 A simple parabolic filter
The parabolic hue filter selects all pixels with a hue that fall in a certain interval.
Te filter is defined as follows [33]:

Fhne(h) = 1
— when Ih — ho <w (3.1)

( 0 otherwise

Here h0 is the base hue value which is filtered out of the image, and w is a width
threshold in hue space. Thus, for pixels with a hue that is equal to h0, Fh will
be i. defines a parabola with its peak at it intersects the h-axis at
h0 ± w. The half width w defines the strictness of the filter. A similar filter is
applied for the saturation and brightness, and the resulting value is calculated
by multiplying the outcomes (Fhu X Fsaturation X Fi,rightness).

Even though all faces are different and not all mouths have the same colour,
it was attempted to find a single configuration for the parabolic HSB filter, that
suits all eight subjects. As with the skin colour of different people [12], the hue
of the lips is the most similar across the different subjects, and the brightness
varies the most. This results in a small half width for the hue and a large half
width for the brightness. The half width for saturation is in between. The best
overall results were given by the settings in table 3.1.

Type Center value Half width
(0. . .255) (0. . . 255)

Hue 0 11

Saturation 127 30
Brightness 128 128

Table 3.1: Settings for the parabolic filter

This hue is characteristic for the red colour of the lips. Shadows within
the lip region cause variance in brightness, but the brightness also varies across
different subjects. For an example of the results of this filter see figure D.2.
With these settings the lip area was generally highlighted the most. In order to
select the highlighted area, a binary threshold was set so that the 1.5% that was
highlighted the most was made white, and the rest black (see figure D.3). The
size of this threshold depends on the size of the lip area relative to the image.

2Hue, saturation and brightness are three measures for describing a colour. A colour
which is described by a red, green and blue component can adequately be described by hue,
saturation and brightness, and vice versa. Hue defines whether a colour is red, orange or
yellow, etcetera. It is a gliding, circular scale. By convention, a hue of 0 corresponds to red.
Saturation defines whether the colour is gray or vivid. The lower the value, the grayer a colour
is. Brightness, also referred to as intensity, defines whether the colour is dark or light. The
lower the brightness the darker the colour.

3Note that a problem can arise when calculating h — h0. For example if h0 = 0.99, a
very slightly blueish red, and h = 0.0, simply red, the actual colour distance is 0.01, but
calculating Ih — hol will give 0.99. Calculating the actual colour distance is achieved by
checking if Ih — hol � 0.5. If not, subtract Ih — hol from 1, and we get the distance we want.
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If the subject would be further away from the camera, this area and thus this
threshold should be smaller, and vice versa.

3.2.4 Locating the region of interest
At a lower level the region of interest (ROT) is extracted, and at a higher level
the width and height of the outer contour of the mouth, and the height of the
inner contour of the mouth. The ROT is the smallest rectangle containing (the
outer contour of) the lips. Note that the orientation of the head is not taken
into account here, so if a subject turns his or her head this can have a negative
effect on the results.

First, a density histogram is calculated by counting the white pixels in each
column (figure D.4). Second, the histogram is smoothed to reduce the influence
of noise (figure D.5). All pictures where the subject was facing the camera
have a histogram with a blob in the center. The length of this blob is equal to
the width of the mouth. Furthermore, this blob contains the majority of the
white pixels, so the median of the histogram is inside the blob. The width is
measured by searching outward from the median to both sides for the first value
of the histograin which is lower than a certain threshold. This threshold is the
minimum amount of pixels (namely two) that is expected to be white in the
mouth region. The threshold was optimized so that the width of the mouth was
estimated rather somewhat too small than too wide. The corners of the mouth
are sometimes left out. This occurs in the top left image in figure D.6.

The mine method is applied when determining the height of the mouth,
except that the density histogram for the rows is calculated from the pixels only
within the estimated vertical region of interest. See figures D.7, D.8 and D.9.
The threshold used for selecting the horizontal ROT is lower than for the vertical
ROl, namely 0.25 pixels. The threshold was set so low because au opened mouth
creates a histogram, with a valley in the middle (see for example the lower right
image in figure D.8). This method is not perfect however. \Ve will see that
sometimes the upper lip falls outside the region of interest (figure E.3) and
sometimes a part of the nose is selected (figure E.4).

3.2.5 Measuring higher level features
The width and height of the outer contour follow directly from the ROT. The last
feature to be estimated is the height of the opening of the mouth. This estimate
is acquired from the center ten columns of the region of interest (see figure D.10).
These columns are chosen because a smaller set of columns would too easily be
influenced by noise, and a wider set of columns would be influenced too much
by the curvature of the mouth. In order to get all red regions in the center
strip, also the ones that may have been left out due to threshold filtering as
described in section 3.2.3, this strip is filtered again. The region is taken from
the original image and HSB filtered with the same settings, and a percentage
threshold of 50% is applied. Now all rows are selected with one or more white
pixels, and all series of selected rows are counted. The distances between the
regions are measured. The following six situations can occur:

4This is likely to occur when regions other than the mouth are highlighted as well.
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1. A closed mouth. If only one region is seen, the mouth is regarded as
closed and the height of the opening is estimated at zero. In all other
situations the mouth is considered opened.

2. An opened mouth. When two regions are seen, these will be regarded
as the upper and lower lip, and estimate that the distance between these
regions is the height of the opening of the mouth.

3. The lower lip is interrupted by reflective light. In this case three re-
gions are counted, the distance between the lower two regions is considered
thus close that they belong to the same lower lip.

4. The tongue is seen. Three regions are detected, and the distance be-
tween the lower two regions is too big in order for them to be a lip that
was interrupted by reflective light. The perfect threshold for distinguish-
ing whether a tongue is seen or the lower lip was interrupted is hard to
find, and still needs some fine tuning. For examples, see figures D.11 and
E.9.

5. The upper lip is outside the region of interest. There is no white
region in the upper third of the middle strip. The system will recognize
that no upper lip was found (see the top left image in figure D.9). With
this knowledge a more advanced system can look for an upper lip just
above the region of interest. In the final implementation this has been left
out, with keeping the program simple in mind.

6. The image is unclear. Zero or more than three regions are counted.
The picture is too unclear to say anything about it. This has not occurred
with the test material.

See figure D. 11 for some examples of the different categories. The inner lip
height can be estimated in the first four cases as the distance between the re-
gions corresponding to the lower and upper lip. Next to the width, height
and innerLipHeight, the parameters state, comment and fileName are gen-
erated as output. The parameter state describes whether the mouth is opened
or closed, and the parameter comment reports which of these six categories oc-
curred.

3.2.6 Test procedure
The system was tested on different sequences of 128 frames. The computer
generated estimates for outer width and height and inner height are compared
to manually tagged values. The tagging of thesc values was done by drawing
a rectangle around the lips, and drawing a line between the upper and lower
lip, both with the mouse. It should be noted that the tagging of the data was
done only once, and the standard error for one measurement is estimated at 2
pixels, so the standard error for a measured distance is close to 2.8 pixels5 This
uncertainty can be attributed to two causes: 1.) JPEG compression leads to a
loss in detail, and 2.) the images were tagged at a relatively big distance from

5Since the measurement of a distance involves the measurement of two points with each
a standard error o = 2, the standard error for the distance is a, 2.8, according to
7 =a+a,forf=x+y(4).
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the screen, resulting in a very small viewing angle. Because the tagging of these
values is a vast task, not all material was used for testing. Of five subjects two
sequences were tested, a sample of both the digits read aloud and the natural
speech. Of a sixth subject only a sequence of natural speech was measured.
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Chapter 4

Evaluation

4.1 Method of evaluation
From human speech perception and auditory speech perception we have seen
that visual information might be useful in speaker detection, judging whether
a speaker is speaking at all and in distinguishing (similar) phonemes (see sec-
tion 2.2.3). Speaker detection has not been implemented, the system will al-
ways assume a speaker is there. The aim for this feature extraction module is
to estimate values for a set of features that can maximally discern the different
visemes. With the use of these features, the system should be able to distinguish
similar phonemes. The ultimate goal would be to discern visemes to a degree
where each viseme can be mapped to a single phoneme, but if the system can
distinguish between groups of visemes it is still useful. For example, when an
ASR system is expecting to observe for example either a /k/ or a /p/, a sys-
tern that can distinguish bilabial visemes from velar visemes can give a definite
prediction'. The conventional way to test the usability of this system would be
to use a module that classifies the estimated features in visemes or groups of
visemes. This is the logical step to take but nevertheless lies beyond the scope
of this research. Therefore, the usability of this system can not be tested in the
conventional way, but has to be estimated. This is done with the help of graphs
with traces of manually tagged values and computer-generated estimates. Fur-
thermore, the variance of the features and the correlation between the traces are
a measure of the 'goodness' of the results. A few plots are made of the width and
height of the mouth when pronouncing different visemes. These plots are used
to see whether the classification from the International Phonetic Alphabet (see
appendix A) applies to the estimated values, and whether this classification can
thus be used to categorize different visemes. Finally, the possibility for judging
whether a speaker is silent or not will be considered. But first we will take a
look of some of the common errors that occur when estimating the features.

4.1.1 Common errors
The method for selecting the width of the mouth is weak in situations where
other regions in the face are red as well. The areas of the lips (often the corners

'The graph in figure 2.6 gives an indication of what viseme groups are likely to emerge.
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Figure 4.1: Feature extraction performed by the system. The region of interest
is selected, and the width and height of the outer contour of the lips follow
directly from it. Furthermore, the height of the inner contour of the lips is
estimated. (These are the same images as in figure D.11.)

of the mouth) that deviate more from the ideal hue, saturation and brightness
fall outside the region of interest. This occurs in the top left image of figure 4.1.
Setting the threshold for selecting the width lower is not the answer since it
will result in a vertical region interest that is wider than just the mouth. Other
settings for the hue, saturation and brightness that are used for selecting the
lips will select more regions outside the lips, or less of the lips.

Estimating the height of the mouth is also sensitive to the situation where
the corners of the mouth are not selected. When the corners of the mouth are
not highlighted, and the mouth is opened, the histogram with values from the
rows iii the vertical region of interest will have a valley between the two bulks
of pixels of the upper and lower lip. In the top left image in figure 4.1 the
upper lip is not included in the region of interest, but in the bottom right image
the gap is thus small that the upper lip is detected. The density histogram is
smoothed and a low threshold is used, but if the histogram is made smoother,
or the threshold is set lower, this will often result in a ROl that includes more
than just the lips.

The height of the inner contour of the mouth is difficult to measure when
in the middle columns of the region of interest instead of two red areas (for
the upper and lower lip), three areas are detected. This generally occurs either
when the redness of the lower lip is interrupted by reflective light, or when the
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tongue is visible. In the top right and the bottom left image both scenarios
occur and are correctly recognized, but as we will see further on, this often goes
wrong.

10

0 •.......... ....,, .....,,...,.... in.iUIfl!1

Figure 4.2: Results for Fl Digits, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height. See section 4.1.2
for details.
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4.1.2 Quantitative results
Figure 4.2 shows series of the three estimated features next to the manually
tagged features, of subject Fl pronouncing digits. In the graphs, the gray lines
represent manually tagged values, and the black lines are computer-generated
estimates. The top two traces are the width, the middle two are the height
and the bottom two are the innerLipHeight. In order to reduce the influence
of the standard error on the tagged traces, and the influence of noisy estimates
on the estimated traces, a median filter was applied with a window size of three
pixels. This small window adequately removes singular errors, but preserves
the rest of the signal. In the bottom image the peak in the height near frame
120 is removed. Typically, the width was estimated narrower, due to the strict-
ness of the system (as described in section 3.2.4). The height, on the other
hand, is estimated higher than the tagged traces. This can be attributed to
the smoothing of the horizontal histogram, and the low threshold for selecting
the horizontal region of interest (described in section 3.2.4 as well). In order to
remove this systematic deviation, the mean difference between the tagged and
estimated traces is calculated, and added to the estimates. The figure of the
traces includes both the original values (top image) and the median filtered and
translated values (bottom image). Appendix E contains all traces of the test
material. Note that sometimes gaps appear in the trace of the inner lip height.
This happens when the system is unable to detect an inner lip height because
for example no upper lip height is found, as described in section 3.2.5.

The innerLipHeight in figure 4.2 hardly seems to match the manually
tagged trace. In this case the subject articulated very modestly (compare for
instance the innerLipHeight from E.10). With JPEG compression, pixels can
be influenced by neighboring pixels and thus the small opening of the mouth
is often made red as well. Furthermore, the smoothing of the horizontal den-
sity histogram can cause small gaps to disappear. The two width traces stay
relatively close to each other, but the deviations of the tagged trace do not
fall together with the deviations in the estimated trace. This is better with
the height. For example there is a peak around frame 60 and a valley around
frame 120 in both signals. A measure for the co-occurrence of these 'peaks' and
valleys, and thus a measure for the goodness of the system, is the correlation
coefficient2. All correlation coefficients are given in table 4.1.

As we compare the different values in this table, what stands out is that
the results vary greatly from subject. to subject. Compare for instance the
correlations from F2 Natural, with the correlations from M4 Natural (the cor-

2The correlation coefficient is calculated as:

Cov(X, Y)
= (4.1)

ax ay
where:

—l�px.y1 (4.2)

ax and ay are the standard deviations, the square root of the variance as calculated in
footnote 3 and the covariance Cov(X, Y) is calculated as:

Cov(X, Y) = ! — .K)(y — (4.3)

where X and Y are the series of estimates and tagged values, x And j represent a single
estimate or tagged value and n is the length of the series.
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correlation
subject outer

width
outer
height

inner
height

Fl (Digits) 0.39 0.66 0.40
Fl (Natural) 0.052 0.21 0.12
F2 (Digits) 0.13 0.29 0.25
F2 (Natural) -0.20 0.30 -0.079
F4 (Digits) 0.49 0.83 0.79
F4 (Natural) -0.064 0.46 0.33
Ml (Digits) -0.051 0.81 0.87
Ml (Natural) 0.32 0.51 0.71
M2 (Digits) 0.51 0.85 0.86
M2 (Natural) 0.75 0.82 0.83
M4 (Natural) 0.59 0.85 0.91

Table 4.1: The correlation of the different features, between the tagged and
estimated traces.

responding traces can be found in figure E.4 and figure E.11). The correlation
coefficient is a measure for the reliability of the estimate. If the system would be
used as an auxiliary module for an auditory speech recognizer, this coefficient
indicates the reliability of the visual stream. Note however that this coefficient
can only be calculated when all data are manually tagged as well.

Aside from the correlation, the manner of articulation is important when
distinguishing visemes. When a subject is articulating clearly, the different
positions of the mouth are easier to distinguish and vice versa. A measure for
the articulateness of pronunciation is the variance3 of the features. When a
subject articulates more clearly, there will be a greater variance in the tagged
values, because the height and width of the lips will change more. Table 4.2
contains the variance of the tagged and estimated features. Again the values
vary between speakers. Note for example the difference between Fl Digits and
\12 Digits (the corresponding traces can be found in figure E.4 and figure E.11).
Together, the correlation and variance define the discriminatory power of the
system. If the correlation is high, the estimates are good, and if the variance
is large as well, it is easy to discern different states. When the variance is low,
smaller deviations play a greater role. Take for example the traces of the width
in the figures 4.2, E.2, and E.7. Here a small variation has a greater impact on
the correlation than for example in the figures E.9, E.10 and E.11.

We can judge the manner of articulation also by comparing the measure of
spread versus the roundedness of different phonemes. Appendix F consists of
four figures where for different phonemes the inner lip height and width are
plotted. Note that Fl articulated less clearly than M2, while I 1 and M4 are
somewhere in between. Compare the corresponding variances in table 4.2. The

2
=

n(n—1)
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variance: tagged
values (pixel2)

variance:
estimates (pixel2)

subject outer
width

outer
height

inner
height

outer
width

outer
height

inner
height

Fl (Digits) 2.3 5.5 3.1 3.8 3.6 0.63
Fl (Natural) 6.8 4.8 6.6 7.8 11 12

F2 (Digits) 3.5 3.3 7.9 6.2 20 2.2
F2 (Natural) 3.6 7.0 5.5 46 30 9.2
F4 (Digits) 11 7.7 13 7.4 8.0 11

F-i (Natural) 7.3 10 22 29 13 20
Ml (Digits) 5.1 4.0 12 6.6 5.5 5.7
Ml (Natural) 16 6.3 13 4.3 17 14

M2 (Digits) 11 39 36 7.8 23 20
M2 (Natural) 19 20 21 14 15 31
M4 (Natural) 4.7 13 24 7.9 15 20

Table 4.2: The variance of the different features, tagged and estimated traces.
The greater the variance of a feature, the more the features change. Note that
a great variance of an estimated value does not necessarily mean the subject ar-
ticulates clearly, since a highly erroneous trace with large deviations also causes
great variance.

corresponding traces can be found in figures E.2, E.10, E.8 and E.11, respec-
tively. According to the International Phonetic Alphabet in appendix A. the
categorization in table 4.3 can be made. Appendix F consists of figures where
the median-filtered and translated estimates of the inner height and outer width
are compared for different visemes. If we regard these figures, we would expect
to find the phonemes distributed in a way like in figure 4.3 (see also [20]).

vowel rounded spread consonant place
open /a:! opened /t/, /d/ alveolar

open-mid /0/ /E/ I /f/ labiodental
close-mid /o:/ /e:/ closed /p/, /b/, /m/ bilabial

close /u/ /i/ ,

Table 4.3: Some phonemes and their visual aspects

It should be noted that in t lie traces of 128 frames identical phonemes do not
occur often. For a more extensive analysis more data have to be used. However,
when investigating these examples, a few cases stand out. In figure F. 1 the
/e:/ is located at a inner lip height of zero, which can surely not be the case.
This suggests faulty recognition. Furthermore, in figure F.4, the /m/ and /p/
seem to be pronounced with an opened mouth! When taking a look at the
corresponding frames, it seems that the complete closure of the mouth happens
too fast for the camera to record. In this figure there are also two distant areas
that correspond to the /a:/. The area with the smaller width (between 49 and
50) appears even more rounded than the /o:/. If we take a look at figure F.3, the
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open

rounded spread

close

width

Figure 4.3: Visual distribution of phonemes

height of the /i/ is a much greater than the height for the /0/ and /o:/, while
one would expect the opposite. The height of the /0/ should be greater than
that of the /o:/ as well. In this case, the /o:/ was pronounced immediately
before an /m/, a closed phoneme, which influences the articulation of the /o:/.
Apart from these cases, the distribution as suggested by table 4.3 and figure 4.3
holds for the other plotted phonemes. Take, for example figure F.2. For rounded
voweLs (/0/ and /u/), the width should be smaller than for spread vowels (/E/
and /a:/). The height should be distributed such that the height for /a:/ is
bigger than the height for /E/ and /0/, and the height for these vowels should
be higher than the height for /u/. To conclude, /p/, /b/ and /m/ should have
an inner lip height of zero, and thus smaller than the inner lip height for /t/.
All these conditions hold for figure F.2.

We have seen examples of an important aspect of continuous speech, namely
that the surrounding visemnes greatly influence the articulatory features of a
phoneme. Furthermore, differences between speakers are great. As expected,
the spread of values for inner lip height for the speaker that articulates the clear-
est (M2) is greater than for the speaker that articulates in a more subtle way
(Fl). It is not a surprise that variation exists between the pronunciation of dif-
ferent speakers. Even when speakers are asked to pronounce isolated phonemes
articulately, the width and height of the outer contour are different per speaker
[20].

4.1.3 Judging whether a speaker is silent or not
The system is able to detect when a speaker has a closed mouth for a longer
period of time, say longer than a second. In this case the system can recognize
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a

M3 Natural, median filtered

Figure 4.4: A trace of subject M3. The gray background indicates that the
subject was speaking, and the black background is where the subject was silent.
The upper trace is the width, the middle trace is the height and the lowest trace
is the inner lip height. Only in the case where the inner lip height is zero for a
longer period of time, it can safely be estimated that the speaker is silent.

that the speaker is silent. However, this is a special case of 'speaker silence'.
Take figure 4.4, here a longer stretch of speech is processed, and the background
is made gray where the speaker was actually speaking. We see that when a
speaker is silent, it does not automatically mean his lips are not moving. He
may, for example, be taking a deep breath. The system will not be able to
distinguish between the first type of movement and the second. Only in the
case of the prolonged closed mouth, the system will be able to detect silence.
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Chapter 5

Conclusion

The aim of this project is to explore the field of audio-visual speech recogni-
tion, and to chart the difficulties that accompany speech reading in 'real-life'
situations. It was found that auditory speech recognition has the largest dliii-
culties with discerning the speech signal from background noise. Using visual
information can help, specifically with discerning (similar) phonemes, knowing
whether a speaker is silent, and detecting whether there is a speaker present
at all. The common approach of audio-visual speech recognition is to extract
features from visual material, that, combined with auditory features, are used
to predict the most likely utterance. In order to gain insight in audio-visual
speech recognition, a system was developed that performs feature extraction,
and it was evaluated to see if it can utilize visual information in the three ways
described above. Since this system should operate in 'real-life' situations, it
was required that the program would be computationally simple. Furthermore,
'real-life' visual material was interpreted such that, although the subjects were
always facing the camera at a fixed distance, the different subjects were asked
to articulate naturally, they were allowed to move their head, and no parts of
the face were accentuated with for example lipstick.

The system performs feature extraction at two levels. At a lower level, the
system locates the region of interest. The method is simple but very effective
in locating that part of the image which contains a certain percentage if the
pixels that fit the base colour the best. Although this method is now only
used to locate the mouth, it can easily be adapted to locate any region of a
specific hue, saturation and brightness. At a higher level, the system estimates
the height and width of the outer contour of the mouth, and the height of the
inner contour of the mouth. The system performs varyingly across different
subjects, and across the different features. The correlation between manually
tagged values and computer estimates (table 4.1) is a measure for the reliability
of the estimates. A correlation smaller than or equal to 0 corresponds to a
reliability of 0%, and a correlation of 1 to a reliability of 100%.

Although the system does not render reliable results for all subjects, for the
better cases (for example figures E.10 and E.11) it is interesting to consider two
of the three methods for using visual information to improve recognition. First,
the system can help with distinguishing between similar phonemes. Take for
example the similar sounding /k/ and /p/, if the innerLipHeight is 0, it can
only be the bilabial /p/ Bilabial visemes are the easiest to distinguish from
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other visemes, since these are the only sounds pronounced with closed lips.
To what degree exactly this system can distinguish visemes deserves further
investigation. Second, the system can determine when a speaker is silent or not,
but only in the case where the mouth is closed for a longer period of time. At
this moment, detecting a speaker is not performed by the systelll. Since different
human faces have a similar hue [121, the methods that have been implemented
already can easily be adapted to locate a large area with pixels of a 'face-like'
hue.

Regarding the processing of 'real-life' visual material, two major difficulties
have been found. First, although for all speakers the lips have a similar hue,
the faces differ a lot. One face may be blushing, where another is pale. The
distribution of color across a face can vary greatly. Second, articulation between
speakers varies (see also [20]), and the pronunciation of a single phoneme is
greatly influenced by the surrounding visemes.

To summarize, a preliminary venture into speech reading has been imple-
mented. The system performs good at locating a blob of a certain colour. This
simple method may prove successful in a wide range of applications'. The
method for estimating higher level features still leaves room for improvement,
however. The extracted visual features will only make it possible for a few of the
subjects to recognize visemes or determine whether a speaker is silent or not.
In 'real-life' however, different faces, with different lipsticks and skin colours,
and sloppy articulation make it seem impossible for a system like this to speech
read accurately.

5.1 Recommendations
The system that has been created can serve as a platform for further exploration
of the field of audio-visual speech recognition, or at a larger scale digital image
processing. An interesting expansion to the system would be the face detec-
tion module. The extraction of higher level features can certainly be improved.
Concerning the difficulties that occur with different speakers, two different ap-
proaches can be taken. On the one hand, the system could use different settings
for different speakers. For example, the distribution of the ideal colour in the
image could act as a hint to whether the system is dealing with a blushing or a
pale face, and use different thresholds accordingly. On the other hand, the sys-
tem now uses but little a priori knowledge about the mouth. If the method for
locating it were to use for example information about the elliptical shape of the
mouth and what widths and heights are likely, the fragile system of thresholds
could be replaced by a better one.

Furthermore, the sloppy articulation of people in normal situations has
proven to make the discerning of different visemes very difficult. A system
like this probably will never be able to map a viseme to a single phoneme. The
quality of the images is very poor, due to JPEG compression and the small size,
so it. is advisable to use better material. Furthermore, it may be worthwhile to
reconsider the features that are estimated, take for example the width of the
inner contour of the mouth. Otherwise, one could ask the subjects to articulate
more clearly, but this would comprise the demand of 'real-life' material.

'Locating an orange ball on a playing field, for instance.
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A logical step to take from here is to create a classification module, that dis-
cerns different groups of visemes, based on the features extracted by the current
module. Not only will such a system be the necessary next step in automatic
speech reading, it is also essential for further evaluation of the discriminatory
power of the feature extraction module.

The problems that occur when processing 'real-life' material shed an interesting
light on t lie field of audio-visual speech recognition today. \Vhere the problems
that occur with the differences between speakers may very well be overcome
by more sophisticated methods, the sloppy articulation in continuous speech
appears to make the classification of visemes to a level of individual phonemes
impossible. If we want to see a man-made lipreading machine as soon as 2010,
this is probably the hardest problem to overcome.
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Appendix A

International Phonetic
Alphabet

The chart in figure A.1 is taken from the International Phonetic Association
[14]. The aspects place and manner of the consonants /b/, /d/ and /g/, as
referred to in section 2.2.1, correspond to the descriptions in the upper row
(for place) and the left-most column (for manner) of the chart for the pulmonic
consonants. Throughout this thesis however, the computer-readable SAMPA
alphabet is used [28].
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ThE INTERMIIONAL PHONETIC ALPHABET (revised to 1993)
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Figure A. 1: Chart of the International Phonetic Alphabet
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Appendix B

The subjects
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Figure B.1: Subject Fl Figure B.2: Subject F2

Figure B.3: Subject F3 Figure B.4: Subject F4
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Figure B.5: Subject Ml Figure B.6: Subject M2

Figure B.7: Subject M3 Figure B.8: Subject M4



Appendix C

Comparing filters

C. 1 Overview
Several filters are compared concerning their effectiveness in selecting the lip
region for different subjects. An application was created where the different
filters can be applied to images, and the settings for the filters can be tweaked.
The following five filters were tested:

1. Parabolic, hue-based

2. Parabolic, hue and saturation-based

3. Parabolic, hue, saturation and brightness-based

4. Red/green threshold

5. Red/green colour burn

All methods make use of the redness of the lips, and select pixels based on their
colour.

C.2 Parabolic filtering with hue, saturation and
brightness

The filter used for hue-based filtering is the parabolic filter as described in
greater detail in section 3.2.3. The parabolic hue filter selects all pixels with
a certain hue. Pixels that have the same hue as the base hue for the filter are
made white, and the further the hue of pixels is away from the base hue, the
darker gray the pixel is made. If the distance between the base hue of the ifiter
and the actual hue of a pixel is greater than a certain 'half width', the pixel
becomes black.

In order to get a ifiter that selects just the lips, it was attempted to create
a filter that selects no other colours than those that occur in the lip region.
In other words, it was attempted to find a hue and half width, where the half
width is as small as possible.

The hue of a pixel tends to take on unpredictable values in darker areas [33],
and elements of the image such as a bright red sweater can be the same hue,
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but with a different saturation. Therefore, next to the hue, a similar filter is
applied to the saturation and brightness.

Hue is the best discerning measure, then saturation, and in the last place
brightness. The brightness is less discriminatory, since there is a big variance in
lighter and darker areas in a mouth. Faces and lips still vary in colour, the filter
selects one person's lips better than another's. With the settings in table 3.1
overall the lips are highlighted the most. A percentage threshold filter is applied
so that for all frames the same amount of pixels is selected. Pictures taken in
indoor office situations give good results, but problems occur with other red
areas in the face, such as the nose, the cheeks and sometimes the ears.

C.3 Red/green threshold
In this method, the red component of a pixel is divided by the green component,
and a lower and upper threshold are applied to the resulting value [5]. When
testing this method it was found that the upper threshold does not contribute
to better results, since the lips are in the part of the picture with the highest
red/green ratio. The lower threshold, on the other hand, greatly influences the
results. Finding a single good threshold was a problem, since a value that works
well for one picture, can be too high for the next. This might be solved with
a percentage threshold as described above, but next to this problem, this fil-
ter selects pixels outside the lip region more often than the previous method.
Therefore the Red/Green threshold method was not selected for further pro-
cessing.

C.4 Red/green colour burn
'Colour burn' is an operation over two colours, where the lightness of the blend
colour defines the lightness of the base colour in the result. When the blend
colour is dark, the result will be dark, when the blend colour is light, the result
will be exactly the value of the base colour. The formula for colour burn is:

1 — Cbase
Fco1ourburn(4se,4end) = 1 — (C.1)

CbLend

Red is used as the base colour and inverse green as the blend colour. Inverting
the green value will give a higher result when the green value is lower, and a
lower result when the green value is high:

1 — Cred
Fco1ourrn(Cred, (1 — Cgreen)) = 1

—
(C.2)

— C97
Here C,.ed is the red component of a pixel on a scale of 0 to 1, and Cgrecn the
green component. After applying the colour burn filter, a percentage threshold
is applied as well. The method is very sensitive to darker regions, and tends to
select for example the nostrils or areas of the face that are shaded in another
way.

To conclude, the parabolic HSB filter was chosen because it is the best at
selecting just the pixels that belong to the lip area. The hue, saturation and
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brightness scale seems the most insightful approach to describing a colour, so
it is easy to adjust a filter if one has an idea about the colour that should be
selected. What stands out as well is that in all images the hue of the lips is very
similar, the filter for selecting the hue has a relatively small half width.
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Appendix D

Hue-based Automatic
Lip-detection: Images

Figure D.1: The original images of four of the subjects, gray scaled.
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Figure D.2: The effect of applying the parabolic HSB filter. Note the wide
variety in intensity of the selected pixels. The girl in the upper left image
was blushing, so a big part of the face 'lights up'. Furthermore, the girl in the
upper right image had a relatively pale face, compared to the others.
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Figure D.3: Applying a percentage threshold on the filtered images. The differ-
ences between the intensities as in figure D.2 are normalized, but in the upper
left image a lot of unwanted pixels are highlighted, just as some pixels (mainly
in the corners of the mouth and the upper lip) are not highlighted.
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Figure D.4: Vertical density histogram. Note the blob in the center that relates
to the width of the mouth.
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Figure D.5: Smoothed vertical deiisit histogram.



Figure D.6: Vertical region of interest. Note that the corners of the mouth in
the upper left image fall outside the ROl.
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Figure D.7: Horizontal density histogram. Because only the pixels in the vertical
region of interest are taken into account, many unwanted highlighted pixels are
ignored.
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Figure D.8: Smoothed horizontal density histogram.
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Figure D.9: Horizontal region of interest. Note that in the upper left image
the upper lip is outside the region of interest.
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Figure D.1O: A closer look at the center 10 columns in the region of interest.
Mind the interrupted lip (see figure D.3) in the upper right image and the
tongue (see figure D.2) in the lower left image.
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Figure D.11: Determining the inner lip height. Upper left: No upper lip is
detected. Upper right: The lower lip was interrupted. Lower left: The
tongue was recognized. Lower right: A correctly recognized opened mouth.
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Appendix E

Results: traces
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Figure E.1: Results for Fl Digits, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height. Note that median
filtering adequately filters out the spike in the estimated height near frame 118.
The small variation of the features makes it hard to distinguish different states
of the mouth.
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Figure E.2: Results for Fl Natural, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height. The small variation
of the features makes it hard to distinguish different states of the mouth.
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Figure E.3: Results for F2 Digits, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height. Between frame
33 and 41 the region of interest includes a red part of the nose; the height is
estimated too high.
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Figure E.4: Results for F2 Natural, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height. In this trace the
subject was blushing, which disrupted the selecting of the lips, since more parts
of the face were red. Between frame 41 and frame 65 three situations occur
where the upper lip falls outside the region of interest.
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Figure E.5: Results for F4 Digits, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height.
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Figure E.6: Results for F4 Natural, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height. Pale lips are
harder to detect.

65

F4_Natural

50

45

40

35

30

I
— taQged width

tagged heigN
—tagged innerIphei,t
— estWied wIclh
— estrnsteci height

— estWisted innertiphght

— a -. c', a) -. ', C', — a) r— 'O ('r C', 'a 'a 0 €0 F'- W a) 0) .-

frames (25fps)

x
a.

F4_NuraI, mean-fikered, width and heq$iI estines trans1ed

—tagged wlith
—tagged heht

tagged innerIiphght

—estimated with
—estimated height
— estimated rinerllieight

C) F €0 C'),- a) F- 4) C').- C) F- 0 C')
— C-I C') a a €0 (0 F— C) 0) 0 — Cl

frans (25 fps)



MI_Digits

Figure E.7: Results for Ml Digits, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height. The small variation
of the width makes it hard to distinguish different states of the mouth.

66

60

50 .
30

a

— tagged width
—tagged fleigri
— tagged innetheijul
— estfled Wicifi
— ethned he Vht
— estined interliphSght2U :...,J

-

3' tTh 11\1 X1 '
— 0) P-.. In C') 0) N. Cl)— (N C') '* fl In CO

C') ,- a) C. Cl) C')
N- 0) 0) 0) 0

franes(25fps

Mi_Digits, medi,n-f.Itered, width aid heigM estinates translated

e
x
a

DC)

J'H•.
30

20

10

0 LLLL5i1-

— tagged widh
— tagged hetr
— tagged irinert phSght
— estimated width
— estimated height
— estimated riner1itelght

0) N- Cl) C') — 0) N- In C') CC N- In C')— (N C') ' 'W In (0 N- 0) CC CC 0 — (N

franes (3 fps)



Figure E.8: Results for Ml Natural, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height. Between the tenth
and twentieth frame the upper lip falls outside the region of interest.
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Figure E.9: Results for M2 Digits, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height. At frame 21 and
22 the red region of a tongue is confused for a part of the lower lip, which causes
the sudden drop in the estimated inner lip height. In the surrounding frames
the tongue is properly recognized.
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Figure E.1O: Results for M2 Nat ural, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height.
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Figure E. 11: Results for M4 Natural, in the bottom graph the traces are median
filtered, with a window of 3 pixels. The higher trace is the width, the middle
trace is the height and the lower trace is the inner lip height.
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Appendix F

Results: some examples of
phonemes and the
corresponding shape of the
mouth
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Figure F. 1: Some phonemes for Fl Natural. The inner lip height and the width
are the translated and smoothed estimates.

71

Fl_Natural, shape of the mouth with differeritphoneni.s

46 48

width

54



Figure F.2: Some phonemes for Ml Natural. The inner lip height and the width
are the translated and smoothed estimates.

Figure F.3: Some phonemes for M2 Natural. The inner lip height and the width
are the translated and smoothed estimates.
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Figure F.4: Some phonemes for M4 Natural. The inner lip height and the width
are the translated and smoothed estimates.
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Appendix G

Software

The source code and documentation will be made available on http://www.ai.rug.nl/-
'spiff/ha1/.
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