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Abstract

Human speech perception considers both the auditory and vigl nature of speech. Speech
is more intelligible if the face of the talker can be seen andhis is especially so in noisy
conditions. More robust automatic speech recognition is pssible if visual speech cues can be
integrated with traditional acoustic systems.

This thesis discusses the problems of visual speech pararegsation from mouth image
sequences for use in audio-visual speech recognition. Fivew lipreading technigues are
evaluated using a hidden Markov model based visual-only regnition task and compared
with an enhanced implementation of a previous lip contour tacker.

The best methods are tested on two di erent multi-talker audio-visual databases to com-
pare performance across di erent tasks. Combined audio-sual performance is tested using
both early and late integration schemes.

The addition of visual information to automatic speech recgnition is found to improve
accuracy and this is most pronounced in acoustically noisyanditions.

Real-time implementations of two of the proposed methods deonstrate that the exten-
sion to audio-visual speech recognition is not impracticalising current desktop technology.
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They went to sea in a Sieve, they did,
In a Sieve they went to sea:

In spite of all their friends could say,
On a winter's morn, on a stormy day,
In a Sieve they went to seal

And when the Sieve turned round and round,
And every one cried, “You'll all be drowned!
They called aloud, "Our Sieve ain't big,

But we don't care a button! We don't care a g!
In a Sieve we'll go to sea!'

Far and few, far and few,
Are the lands where the Jumblies live;
Their heads are green, and their hands are blue,
And they went to sea in a Sieve.

The Jumblies Edward Lear
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Chapter 1

Introduction

Many people with a hearing impairment can understand uent geech bylipreading, a fact
that demonstrates that linguistic information can be conveed by vision. In the 1950's it
was shown that vision has a more fundamental role in speech peeption. It was found that
even normal-hearing individuals are able to make use of theisual speech cues available. The
presentation of bimodal (auditory and visual) speech was fond to be more intelligible than
speech sound alone. The improvement obtained with the addibn of vision is most distinct
when the auditory signal is degraded with, for example, baaround noise or speech from
nearby talkers. In these conditions speech intelligibiliy is signi cantly degraded if the face of
the talker is hidden. An example is the “cocktail party' e ect: in a room full of people talking,
it is easier to understand the person you are looking at. Psymlogical studies indicate that
speech perception is a fundamentally bimodal process thahiegrates auditory and visual
cues.

A distinction needs to be made between auditory, visual and aditory-visual speech.
Summer eld attempts to clarify this in [184],

Lipreading is the perception of speech purely visually by observing thealker
articulatory gestures. Audio-visual speech perception is the perception of speech
by combining lipreading with audition. Speechreadingembraces a larger set of
activities. It is the understanding of speech by observing he talker's articulation
and facial and manual gestures, and may also include auditio

The psychological ndings suggest that automatic speech mognition might also be made
more robust if visual speech information could be incorpored. Robust automatic speech
recognition has been an engineering goal for a long time. Stistical modelling methods have
produced systems with useable performance in constraine@sks, such as using restricted vo-
cabularies or limiting the number of talkers. A signi cant p roblem is maintaining recognition
accuracy in unpredictable and noisy environments. Currentcommercial dictation systems
(from companies such as Dragon, IBM, Phillips and Kurzweil) enploy close tting noise-
reducing microphones. All of these systems incorporate etentary grammar, using basic
language rules to resolve illegal utterances caused by miassi cation at the phoneme or
word level. However, they all ignore the auditory-visual naure of speech. A step closer to
human speech perception can be made by adding vision to spéeecognition. This provides
an additional, and often complementary source of speech infmation, for example [m] and
[n] sound similar but look di erent.

Motivated by the possibility of more robust automatic speed recognition there have
been several machine speechreading systems that combinedauand visual speech features.
Indeed, the idea of lipreading computers is not new. Arthur C Clarke's 1968 novel 2001: A

1



2 CHAPTER 1. INTRODUCTION

Space Odyssey famously includes the lipreading computer HA9000'. For all such systems,
the goal of audio-visual speech recognition is to improve o®gnition accuracy, especially
in noisy conditions. However, the two problems of visual fetre extraction and audio-
visual integration are non-trivial. Audio-visual speech recognition is a task that combines
the disciplines of speech recognition, computer vision andata fusion.

1.1 Visual Speech Analysis

This thesis is mainly concerned with visual feature extracion. There have been two main
approaches to this problem; a low-level analysis of image geence data which does not
attempt to incorporate much prior knowledge; or a high-levé approach that imposes a model
on the data using prior knowledge. Typically high-level andysis has used lip tracking to
extract lip shape information alone. Low-level analysis diectly processes image pixels and
is implicitly able to retrieve additional features, that may be di cult to track, such as the
teeth and tongue.

This thesis considers ve new lipreading methods. Four aretsctly low-level analyses that
form features using a scale-based transformation of each mit image. The fth combines
a high-level model-based lip shape analysis with pixel-basl analysis of appearance. All of
these are compared with an new implementation of a high-levdip contour tracker that has
previously been used for lipreading [107].

Although many methods have been used for visual feature exction, they are not usually
compared on the same task. This thesis compares all six di ent methods on the same
recognition task. The most successful are further tested ursg an additional isolated digits
databases to evaluate robustness to the application.

All of the methods described extract information from the mauth area only. Although
there is evidence that speech information is available fronother areas of the face, and ex-
pression and gesture are likely to be useful in some situatig, the problem of nding and
locating the face and mouth area is not covered. Automatic fee location and tracking have
already been extensively discussed in, for example [15, 4K, 54,102,137], and many of the
schemes reported in this literature could successfully see as the front end to the analysis
described here.

All visual features were evaluated according to the best ramgnition accuracy they ob-
tained. The recognition experiments were all implemented sing hidden Markov models
(HMM's) to statistically model either visual, audio or audi o-visual speech. The use of sta-
tistical models requires a representative database of exastes on which they can be trained
and tested.

1.2 Audio-Visual Databases

A signi cant problem in the evaluation of audio-visual speech recognition systems is obtaining
an aligned audio-visual database of suitable size. The acstic speech recognition community
has recorded and distributes many large databases for comgive evaluation. It much is
harder to obtain and distribute an audio-visual database beause of the very high data rate
of the visual channel.

A signi cant amount of time during this PhD project was alloc ated to the recording,
digitising and segmentation of a database of the isolated teers A to Z by ten talkers. This

LA tribute to the vision of Clarke and Stanley Kubrick that rev iews the progress toward such a system is
given in a recent book edited by Stork [180].



1.3. AUDIO-VISUAL INTEGRATION 3

was a technologically di cult task in 1995, but rapid speed and bandwidth increases since
make this less of an issue in 1998.

A smaller database of the digits 1 to 4 was made available aroul the same time by
Movellan [141]. His database is used, with permission, for aomparison of visual speech
features over two di erent tasks.

1.3 Audio-Visual Integration

The nal evaluation of a proposed lipreading feature must behow much benet is obtained
when it is used in conjunction with acoustic speech. Howevethe best method for the fusion
of auditory and visual information is currently a subject for research. Psychologists have
proposed several con icting models of bimodal human speegherception. In some cases it is
not clear how useful these models are for engineering solatis to the audio-visual integration
problem.

In signal processing terms, the problem is that of data-fusin and occurs in other elds
where multiple streams of data must be merged. In this thesistwo di erent integration
strategies are compared (early and late) for the three mostuecessful visual features consid-
ered.

1.4 Thesis Overview

Chapter 2 begins by reviewing the relevant ndings from psybological studies of human
speechreading. This provides the motivation for building adio-visual speech recognition
systems. Previous work on visual and audio-visual recogndan is then reviewed and classi ed
according to the visual feature extraction approach used.

The audio-visual databases used to evaluate the proposeghtieading features are described
and discussed in Chapter 3.

The next two chapters introduce the computer vision technigies used to extract visual
features. Chapter 4 describesievesand how they can be used in low-level, pixel-based image
analysis. Both two-dimensional and one-dimensional imageegmentations are discussed and
potential lipreading features identi ed. Chapter 5 introd uces statistical modelling of lip shape
and describes how this can be used to constrain an iterativép contour tracker. An extension
to this technique models the appearance of the lips as well abe shape and uses a learned
model to t to example images.

Hidden Markov models are reviewed in Chapter 6. All proposedvisual features are
compared using similar visual-only recognition tasks withHMM's in Chapter 7.

The dierent approaches to audio-visual integration are described in Chapter 8. For
the most successful visual features, results are presentedmparing two di erent integration
strategies.

The results and ndings of this thesis are summarised in Chager 9. Proposals for future
extensions to the work are discussed and real-time implemttions of two of the visual
feature extraction methods proposed are described.
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Chapter 2

Speechreading Background

2.1 Human Speechreading

The human capacity to perceive speech through visual cueshé ability to lipread, is well
known. At least since the 16th century, it has been known thathearing-impaired people can
be taught to read, write and talk. An historical review is given in French-St. George [69],
and a 17th century example describing speechreading is Bulwfg5]. Today, it is clear that it
is not only hearing-impaired people that bene t from, and use, the visual aspects of speech.
Even those with normal hearing are better able to understandspeech if they can see the
talker, Reisberg [162]. Visual enhancement is even more prounced when the auditory
signal is degraded and noisy. For example, Sumby and Polladd 82] found that viewing the
talker's face was e ectively equivalent to an additional 15B acoustic signal to noise ratio.
Neely [145] found an increase in intelligibility of 20% withthe addition of vision. Others have
reported similar ndings [14, 66, 148].

A powerful demonstration of the auditory-visual nature of gpeech comes from the McGurk
e ect [117,135,185]. When presented with con icting audibry and visual symbols, under
certain conditions, the perceiver will “hear' something oher than the spoken sound. An
example fusion illusion occurs when an auditory /ba/ is synbronised with a visual /ga/.
This is usually perceived as /da/, di erent from either the visual or auditory stimuli. This
occurs even when the perceiver is aware of the illusion, andal been demonstrated in four
month old infants [36] as well as adults.

Another demonstration comes from experiments with auditoy-visual asynchrony. Mc-
Grath [133] found an audio lead of less than 80ms or lag of leskan 140ms could not be
detected during speech. However, if the audio was delayed byore than 160ms it no longer
contributed useful information and the subjects reported denti cation accuracy down to the
visual-only level. They concluded that, in practice, delay up to 40ms are acceptable. It
is worth noting that in television broadcasting terms this represents a single PAL frame of
asynchrony. Evidently any audio-visual speech recording ost take care to maintain audio-
visual synchronisation. A study by Kuhl [100] found that even ve month old infants prefer
the face of a talker with synchronised audio to one without.

More comprehensive reviews of the psychological aspects lmfiman speechreading may
be found in [37,41,61,184]. It is clear however, that even mmal hearing humans are able
to make good use of visual speech cues and that this is partitauly important under noisy
conditions. The McGurk e ect shows that auditory and visual speech perception are tightly
bound and appear to be so from an early age. Precisely how andhere this fusion occurs
remains the topic of much research.

5
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2.1.1 Speech Production

A simplied diagram of the speech articulators is shown in Fgure 2.1. Speech in most
languages is produced by the lungs forcing air through the wal chords located in the larynx.

The vocal chords are two muscular folds that are usually apdrfor breathing, but can be

brought close together and then vibrate in the airstream fran the lungs. The vibration is

controlled by the tension of the chords and modulates the astream. This is the process
of phonation, and the sounds produced arevoiced Sounds made using an unrestricted,
unmodulated airstream areunvoiced

nasal cavity

uvula

pharyinx

larynx

Figure 2.1. Principal features of the vocal tract. Due to [101].

Above the larynx is the vocal tract, the rst stage of which is the pharynx (back of the
throat) which can be tightened to change speech sounds, businot often used in English.
From the pharynx the air ow may be redirected either into the nose and mouth, or just the
mouth by closing the velum (soft palate). Sounds made with tle velum open arenasal and
with the velum closed oral. The shape and con guration of the vocal tract further Iter the
speech sound. The sounds produced can be classi ed accomlithe the place and manner of
their articulation.

The manner of articulation describes the degree of occlugioused to create the sound.
For example, a complete closure and hold of the articulatorfalts the airstream and is called
a stop, e.g. the rst and last sounds in “pop'. A fricative occurs when the articulators are
brought close enough together to cause a turbulent air ow, . “zoo', and anapproximant
is when the articulators are close, but not enough to cause ai€ative, e.g. ‘'we'. Finer
classi cations of the manner of articulation can be made andare described in [47,101].

The place of articulation describes which articulators areused, and is classi ed as one of,

Bilabial between both lips. For example, “pie'.
Labiodental between lower lip and upper front teeth. For example, " €'

Dental between tongue tip or blade and upper front teeth. For examp “thigh'.
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Alveolar between the tongue tip or blade and alveolar ridge. For examip, ‘tie'.
Retro ex tongue tip and back of the alveolar ridge. Not used in English
Palato-alveolar tongue blade and back of the alveolar ridge. For example, “sh
Palatal between the front of the tongue and the hard palate. For examfe, “you'.

Velar back of the tongue and the soft palate. For example, the end ohang'.

If there is no contact between articulators the sound is avocoid (as opposed to acontoid)
and there is no identi able place of articulation. These areclassi ed, using tongue position
in the cardinal vowel space, as front, centre or back, and loymid or high. Additionally, lip
shape may be classi ed asounded or spread The vowels used for received pronunciation (RP)
English transcription are shown in their positions in the cadinal vowel space in Figure 2.2.

Figure 2.2: Cardinal vowel-space showing vowels used for received pramciation
(RP) English. Front is to the left.

2.1.2 Phonemes and Visemes

When two di erent speech sounds can be used to change the meag of a word they are
di erent phonemes A phoneme is an abstract unit of speech sound that is usefubf tran-
scribing speech in an unambiguous manner. Because there ar@ra phonemes than letters in
most alphabets, the International Phonetic Association (PA) de ne a phonetic alphabet for
transcription that is common across all languages. The RP wels are identi ed by position
and their IPA symbol in Figure 2.2. A list of the 45 phonemes usd for RP English tran-
scription is given in Table 2.1. Some vowels are not stationg but involve transition from
one position to another. These are termedliphthongsand are also listed in Table 2.1.

The equivalent unit of meaningful visual speech would be theviseme From the brief
description of human speech production given, and the locains of the speech articulators,
Figure 2.1, it is clear that only a small part of the articulation process may be seen. Typically
only the lips, teeth, tongue tip and blade are clearly visibk. It is therefore not surprising
to nd that there are fewer visemes than phonemes, and that tpically many phonemes
map to a single viseme. However, there is little agreement othe number of visemes, or
how phonemes are clustered to form them. Nitchie [147] foundonsonants clustered into 12
visemes. Walden [192] found that, without training, humanscould identify only ve consonant
visemes, but that this increased to nine with training. Finn [67] used a computational analysis
of twelve dots placed around the lips of a single talker and faned ten consonant viseme
clusters. The nine consonant viseme clusters found by Waldewere /10, fv, SZ sz, pbm,
tdnkgj, w, r, I/.

There is also evidence that visual intelligibility varies between talkers. For example,
Kricos [97] evaluated six di erent talkers using the Utley lipreading test [187]. It was found
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\ | IPA symbol | Example || | IPA symbol | Example |
Vowels i lead Consonants p pin
I lid b bin
e led t tin
& lad d din
u food k could
U good g good
2 cut f fan
6 cot v van
@ about T thin
3 church 0 that
@] caught s sue
A lard z Z0o
Diphthongs el bay S shoe
al buy Z vision
Ol boy tS chew
AU loud dz gin
@uU load m my
@ pier n no
E@ pear - si@
o@ pore [ lie
u@ poor r rye
i yes
w wet
h hat

Table 2.1: IPA symbols for the phonemes used in RP English transcriptia with
examples of their use.
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that the talkers that were easiest to lipread also articulatd the most visemes. The talkers
had between four and eight visemes and they did not cluster ithe same way for all talkers.

2.1.3 Visual Features

Given that vision has been shown to be important in human spegh perception, then what
are the visual cues that best provide speech information?

Benoit [14] compared speech intelligibility under conditims of audio-only, audio and lips
and audio and face for natural and synthetic image displaysThe lips gave improved intelli-
gibility but this was further improved by the addition of the rest of the face. Similar results
were earlier presented by McGrath [134], who found that beig able to see the teeth improved
performance compared to just the lips. Jackson and Montgomg [88, 139] used statistical
analysis of physical lip measurements in a vowel task. Theyofind the strongest dimensions
were horizontal and vertical lip opening. A similar nding is seen in the statistical shape
analysis used for lipreading in Chapter 5.

There is some evidence that it is the dynamic motion of the vible articulators that is most
important. Rosenblum [165,166] found a kinematic point lidnt display of the lower face could
be used to induce McGurk e ects. The only visual features wes dots placed on the talkers
face. However, neuropsychological studies of brain damadjgatients by Campbell [38, 39]
nds con icting examples. A patient unable to recognise stéic faces or read facial expression
was found to have normal speechreading ability and responddo McGurk illusions. Another
patient, that could see motion but not form, was unable to spechread. She concludes that
both visual form and movement are required for speechreadi[40].

Munhall and Bateson [144,188, 189] describe a combined opicpoint tracking and elec-
tromyographic analysis of facial dynamics during speech. ey found visual speech informa-
tion was distributed over the entire face and not just the lips. They also found that even in
high noise conditions the listener did not look at the lips ofthe talker more than 50% of the
time. This suggests humans are able to perceive visual spé&easing the low spatial resolution
o -fovea parts of the retina. Experiments by Jordan [90] hawe shown that speechreading is
robust over large variations in image size.

In summary, while most visible speech information is, unsysrisingly, seen around the lips,
it is also distributed over the entire face. Whenever a compent is removed, for example the
face or teeth, the intelligibility falls. This cautions that visual speech analysis should take
care when discarding some of the many possible facial feags which are available.

2.1.4 Multimodal Integration

Section 2.1 described research that has clearly shown thatuman speech perception is able
to use visual cues to improve intelligibility, especially n noisy conditions. However, exactly
how and where humans integrate the auditory and visual stimii is still unknown. Broadly,
the various integration models can be classi ed as eitheearly or late. For early integration,
the auditory and visual stimuli are processed together as aisgle feature. Late integration
considers the two modalities separately and forms a fused salt only after they have been
independently classi ed. According to these de nitions, erly integration is able to make use
of the temporal correlations between each modality, and la& integration cannot.

The extra speech information made available through visionwas highlighted by Sum-
mer eld [183]. First, the identity and position of the talke r is known and attention can be
directed to them, vision also determineswhen the talker is speaking. Second, vision can
provide information common to the acoustic source, allowig audio-visual synchronisation
to be maintained and providing a useful additional source ofinformation. Finally, vision
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presents complementary information. Summer eld found thd the clearest visual cues, place
of articulation, are the least robust acoustic features in wise. He also proposed ve di erent
integration models, considering audio-visual fusion usig the following representations:

1. phonetic features. Fused using a vision-place, auditiemanner rule;

2. lter function of the vocal tract. An estimate of the vocal tract is made from the visual
signal and fused with auditory;

3. direct concatenation of acoustic visual features;

4. vocal tract con gurations. Full 3D vocal tract representations, the front from the visual
analysis and the internal from acoustic analysis.

5. articulatory dynamics. Transform both auditory and visual features to a modality-free
domain, such as kinematic parameters that describe the artulatory dynamics.

Summer eld dismisses only the vision-place, audition manar (VPAM) model as an inac-
curate representation of human integration and suggests dy that integration occurs before
categorisation [184]. Early integration allows more compx interaction between acoustic and
visual speech before categorisation into phonetic featuse Green [74,75] also agrees with this
conclusion.

By contrast, Massaro [122 125] proposes a late integrationcheme using the fuzzy logical
model of perception (FLMP). Here, independently calculate truth values for each modality
are fused using a multiplicative rule.

A comparison by Braida [22] found that, for the identi cation of consonants, the early
integration model more consistently predicted accuracy tan the FLMP or an alternative late
integration model. A comparison of several models of integtion, similar to those suggested
by Summer eld [183], is Robert-Ribes [163] and Schwartz [M. Their proposed models are
considered in more detail in Chapter 8.

2.2 Previous Speechreading Systems

The brief overview of human speechreading in the previous sgon suggests that signi cant
gains may be made by integrating auditory and visual cues foautomatic speech recognition.
This section brie y describes the previous work in automatc visual and audio-visual speech
recognition. Recent reviews can be found in Henneke [82], @Gischen [72] and Chen [45].

There are two major problems for an audio-visual speech regaiser. The rst problem is
robust visual feature extraction. What are the salient viswal speech features? Compared to
acoustic speech recognition, this problem is even more di alt due to the much higher visual
data rates. For example, full frame, full rate PAL video at 16-bits per sample requires a data
rate of 22.5MB/s.

Two clear paradigms have emerged for visual feature extracin. The high-level, or model-
based, approach asserts prior decisions about what visuatdtures are important. The low-
level, or pixel-based, approach ignores all prior knowledg (such as there is, Section 2.1.3)
and applies a direct statistical analysis to the data. Provided the correct model is used
(and known) then a model-based system that focuses on speciimage features, that are
considered to be important, might be expected to be more rokst.

The second problem is how and when to integrate the audio andisual speech features.
Similar to the discussion of human integration, Section 2.4, these can be described as either
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early (pre-classi cation) or late (post-classi cation). More detailed discussion on integration
for audio-visual speech recognition is deferred to Chapte8.

Between the extremes of model-based vs. pixel-based and ganhtegration vs. late inte-
gration is a continuum of implementational possibilities [72]. This is further expanded by
considering the complexity of the speech recognition taskhow many talkers, how large a
vocabulary, and discrete or continuous speech dictation et The following sections brie y
describe some of the systems previously reported, classtléy the type of visual analysis and
in chronological order.

2.2.1 Low-level Analysis

The rst audio-visual speech recognition system was built ly Petajan [151] in 1984. He used
custom image processing hardware to extract mouth features real-time and combined them,
using a heuristic rule-based late integration, with audio atures from a commercial acoustic
speech recogniser. Face images were thresholded, smootld the nostrils located. These
identi ed the binarised mouth area, and mouth height, area,width and perimeter length were
measured. Using a single talker (himself), he showed that ating visual information improved
recognition accuracy on digits, letters and a 100 word vocallary test. Visual recognition
was implemented using a direct distance measure to examplemplates.

An improved version of Petajan's rst system [152] used veair quantisation of the mouth
images and added dynamic time warping to better align utteraces for the template matching.

An audio-visual vowel recognition task was described by Yuas [195,196]. Stati”0 25
images from a single talker were mapped to a power spectra @sfates using a neural network.
This was integrated with the acoustic power spectra using a eighted average and classi ed
using another neural network. Adding visual information from static images still improved
accuracy in noisy conditions.

An optical ow analysis around the mouth was used by Mase [12]lin a continuous digit
recognition task. Four windows were located around the mout and the horizontal and
vertical velocity computed in each. A principal component analysis (PCA) of the velocities
identi ed lip opening and elongation as the most signi cant modes and these measures formed
the nal visual features. Linear time warped template matching was used for a purely visual
recognition task and, for a very small test set (15 utterance from talker 1, 2 from talker
2 and 4 from talker 3) that did not include examples of all digts, 70 100% accuracy was
achieved.

Some early work by Bregler [23] used normalised greylevelofn a24 16 mouth image,
or FFT coe cients froma 64 64image, as features for a time-delay neural network. Results
from a continuous German letter recognition task for two takers were improved when visual
features were integrated using a combination layer in the ngral network.

Following from Petajan's work, and extending his original hardware, Goldschen [70 72]
used hidden Markov models (HMM's, Chapter 6) in a continuousvisual-only recognition
task on 450 sentences from the TIMIT database for a single tkkr. He extracted seven
features from the binarised mouth images of Petajans hardwa and calculated the rst and
second derivatives and magnitudes for all. Using PCA only 13neasures were retained,
ten of which were derivative based. They considered visemend triseme (three visemes in
context) HMM's but obtained a best result, by clustering tri seme models, of 25%. They also
performed a phoneme to viseme clustering based on the hiddeviarkov models and found
close agreement with those found by Walden in Section 2.1.2.

Silsbee [175,178,179] also used HMM's for a speaker depemdb00 word vocabulary
audio-visual recognition task. Weighted late integration was used to combine the scores of
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the audio and visual HMM's. All images were classi ed as one fo32 codebook images and
the codebook label formed the visual feature. This system vgaalso tested on vowel and
consonant discrimination tasks.

A direct PCA analysis of subsampled mouth images was used by Boke [29 34,186] for a
continuous digit recognition task. A single talker was restained, to remove head motion, and
recorded an audio-visual database of digit triples. A6 10 pixel window of the the lips was
obtained after subsampling the64 64 mouth images to16 16. Visual features were formed
using the top ten components of a PCA analysis of these imaged-or classi cation hidden
Markov models were used with early integration (concatenabn) of the audio and visual
features. Improved accuracy was obtained after noise compsation was used on the audio
features. A further enhancement to this system was a crossrpduct HMM topology [186]
that allows temporal variability between the audio and visual features during articulation.

Lip motion has also been found to improve speech segmentatip especially in noise,
Mak [119,120]. Motion vectors were extracted from lip image using morphological image
processing (Chapter 4) in a similar method to the optical ow used by Mase [121]. The
resultant velocity of the lips was estimated by summing the elocities from four windows on
the image; left, right, top and bottom. A weighted late integration combined the visual and
acoustic segmentation boundaries.

Duchnowski [63, 64] extended Bregler's [23] previous Germadetter recognition task by
adding visual features derived using PCA analysis and lingadiscriminant analysis (LDA)
of the mouth images. They also tried varying the position in he neural network where
audio and visual integration occurs and investigated an autmatic, neural network based,
lip position estimator. They found slightly better performance when integrating later in the
network, Meier [136]. A recent enhancement to this system ig&n automatic face and lip
nding system [137].

Movellan [142,143] used lip images directly as visual feataes for HMM's. A subsampled
20 15image was formed so that horizontally, half was the lip imageand half the di erence
between the previous lip image. A comparison was made betweearly and late integration
that slightly favoured a sum of log-likelihoods late integmation for a multi-talker isolated digits
(1 4) task. Movellan's database is described more fully in 8ction 3.2 and results are obtained
using it in Chapter 7.

Some preliminary results using “eigen-sequences' have eety been reported by Li [104].
Principal component analysis was applied to entire subsanipd image sequences, warped to
a standard length. A continuous recognition task of the leters "A' *J' for a single talker gave
90% accuracy using only visual information.

2.2.2 High-level Analysis

Current high-level, model-based, methods either explicly or implicitly measure lip shape
using tracking techniques from computer vision. All of theg t some sort of “cartoon' model
to the lips and extract features that describe the shape of tis model.

The original implementation of active contours, or snakes[91] included a demonstration
of lip-tracking. A snake is a dynamic elastic contour contréled by its internal sti ness
parameters and attraction to image features, such as strongdges. These are typically used
to track image sequences using a Kalman lIter framework and an be de ned to include
shape constraints and learned dynamics [16,17].

Deformable templates [18,197], dier from elastic snakes ybexplicitly de ning param-
eterised geometric shape templates. These were also rst pleed to locating and tracking
facial features, including lips.



2.2. PREVIOUS SPEECHREADING SYSTEMS 13

A further shape constrained method is the Active Shape ModglASM), or “smart snake' [50
55]. These are described more fully in Section 5.1 as they amne of the lipreading meth-
ods applied in this thesis. They di er from deformable temphtes by learning their shape
constraints using a statistical analysis of a set of hand lablled training examples.

For lipreading, Hennecke [83] used a deformable template difie lips and found that the
poor contrast of the lips to the surrounding face posed sigrséant problems. In particular the
lower lip contour tended to settle into the valley between the lips and chin. Later work [82,84,
85] included automatic location of the face and lips and HMM lased early integrated audio-
visual recognition. For a visually distinct task of /da/, /f a/, /la/ and /ma/ they achieved
38% visual accuracy across ten talkers and found a 16% imprement when combining audio
and visual features. For a harder eleven word train-stationname task, they found early
integration degraded audio-only performance, and late irtgration gave little improvement.

Silsbee [176, 177] and Chandramohan [42] used a simpler def@able template to track
only the inner lip contour for the consonant task described dér Silsbee in the previous section.

Although not strictly a high-level, model-based tracking method, the blue lipstick chroma-
key extraction used by Adjoudani [1] can be considered, forhe classi cation used here, as
a real-life, real-time snake. A single talker wore blue lipgck and the lips were extracted
using chroma ltering in real-time. Six lip parameters were extracted; internal and external
lip width and height, inner area and total lip area. Using HMM classi ers on a 54 nonsense
word vocabulary early and late integration was compared. Bdsaudio-visual results were
obtained using a late integration scheme that allowed the rative audio and visual weighting
to varied as a function of acoustic signal to noise ratio (SNR

Coianiz [48] used a simpli ed version of the deformable temjate used by Henneke [83]
with colour Itering to enhance lip colours and better locate the lip contours. A spline based
lip tracker that also used colour ltering has been describd by Sanchez [168].

A di erent deformable template model, constructed using cuve sections and node points
with associated springs was implemented by Vogt [190, 191]This also used colour ltering
to highlight the lips and improved audio-visual performane was obtained for a 40 word
recognition task using time delay neural network classi cdion.

Dynamic contours were used for lip tracking of a single talkeby Kaucic [58,93,94]. He
found that greylevel images were inadequate for tracking, niess lipstick was used. The use of
learned shape and motion models allowed the tracker to run imeal-time on an SGI worksta-
tion. For a side-view lip pro le tracker (with bright backgr ound) [93] dynamic time warping
and early integration gave some improvement on a digit recagtion task. Improvement was
also seen for a 40 word recognition task using lipstick higlghted frontal view tracking. Later
work showed that colour ltering could be used to highlight the lips su ciently to dispense
with the lipstick [92].

Luettin [106 116] used active shape models (ASM's) [50 55pbn the same subset of digits
task and database as Movellan [142,143]. A greylevel pro lenodel of the lip contours was
trained from the same example images used to de ne the statical shape model used in ASM
tting. Using both shape and greylevel information gave the best visual-only performance
using HMM classi ers. This approach was also successfullysed in person identi cation [113]
and on a larger digits database [106]. A similar implementdabn was used for the lipreading
experiments in this thesis, and is described in Section 5.1.

Recently a three-dimensional model of lips has been develeg for a single talker by
Basu [9 11]. This has also been used for 3D lip tracking, aidedsing colour modelling of lips.
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2.2.3 Combined High- and Low-level Analysis

In an extension to earlier low-level analysis, [23], Breglei24 28] used lip tracking to guide a
pixel-based analysis of the mouth. A nonlinear analysis oftte shape of the outer lip contour
was used to constrain the tracker. This is similar to the lin@ar analysis of shape used for
active shape models, and can also be used to interpolate baten lip images by using the
nonlinear manifold in shape space to de ne only valid lip cotours.

However, it was found that features obtained using the lip tecker were not good enough
for visual or audio-visual speech recognition using a hybdi HMM where the probability
distributions (Chapter 6) are modelled using a multi-layer perceptron. Instead, the tracker
was used only to locate the mouth area which was subsampled &4 16 pixels before PCA
analysis to form the nal visual features. To interpolate lip images (for early integration the
audio and visual rate must match) nonlinear analysis of theip images was used. A relative
improvement in recognition accuracy of between 15% and 32%as found by adding visual
information for a continuous letter spelling recognition task for 6 talkers.



Chapter 3

Audio-Visual Databases

This chapter describes the two aligned audio-visual databses used to evaluate the di erent
types of visual speech features considered in this thesis.

Statistical models for classi cation require a representtive database of examples if they
are to be reliably trained and tested. In the audio-visual sgech community there is currently
a need for a large standard database on which statistically &l trained models and compar-
ative results can be made. This is now being addressed by, fexample, BT Labs [46] and
AT&T [155] but the problems of storing and distributing larg e audio-visual databases are
still signi cant.

In the absence of a standard database each research group ltadlected their own. When
the work described in this thesis was started there were no alio-visual speech databases
available and we recorded our own aligned audio-visual dabmse of isolated letters called
AVletters. Subsequently theTulips database [141] of a subset of isolated digits was made
freely available from the University of California at San Diego. To compare the methods
presented in this thesis with those of other researchers thidigits database has been used
in conjunction with our letters database. Also, using two daabases usefully allows the
comparison of di erent visual speech analysis methods ovati erent sized tasks.

Section 3.1 describes the AVletters database and SectionZthe Tulips database. Finally,

a comparison between the two is made in Section 3.3.

3.1 AVletters Database

The AVletters database consists of three repetitions by edt of ten talkers, ve male (two
with moustaches) and ve female (none with moustaches), oftie isolated letters A Z, a total
of 780 utterances. All talkers were volunteers and all recaling had to be completed in one
hour, allowing few re-takes to be made. All the females werendergraduate students, one
male was sta , two were postgraduate and the remaining two mées undergraduates.

Recording took place in the campus TV studio under normal stdio overhead lighting
conditions. All recording was of the full face using a JVC KY%O0B video camera and stored
on SVHS videotape using a Panasonic AG-MD830 recorder. Theutput of an SONY ECM55
tie-clip microphone was adjusted for each talker through a 8undtech Series A audio mixing
desk and fed to the video recorder. Talkers were prompted usj an autocue that presented
each of three repetitions of the alphabet in the non-sequerdl, non-repeating order shown
in Table 3.1. Each talker was requested to begin and end eacletter utterance with their
mouth in the closed position. No head restraint was used butdlkers were provided with a
close-up view of their mouth and asked not to move out of frame

15
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Repetition | Letter sequence

First NEIYSFMDCKHJIZTQUVXPWRAGBLO
Second DGMOKWLIBENSCUIFHXAQRTYVZP
Third GLUCMDYPZTIJNOSQEHRKAWVXIBF

Table 3.1: Recording sequence for the AVletters database.

Each utterance was digitised at quarter frame PAL resolution (376 288 at 25fps) using
a Macintosh Quadra 66@v in 8-bit ‘greyscale' mode. In practice the greyscale data dhined
is simply the luma information stripped from the 16-bit colour component (YUV 4:2:2) video
digitiser. This standard digital video sampling method re ects the undersampling of the
chroma information, analogous to the narrower bandwidth ugd for chroma in analogue video.
The colour information is shared between two pixels so that &h has an 8-bit luma value
but only one 8-bit colour component. The second 8-bit colourcomponent is stored with
the neighbouring pixels luma. This sharing of the colour inbrmation allows two colour
pixels to be packed into 32 bits. Table 3.2 shows how this is sted in memory on a typical
workstation [153].

| Pixels 1 2 \
Byte 1 Byte 2 Byte 3 Byte 4

UUUUUUUU | YYYYYYYY | VWYV | YYYYYYYY

| left | right ]

Table 3.2: YUV 4:2:2 digital video sampling.

As de ned by the international standard for component digital video, ITU-R BT.601-4,
luma is coded using headroom range [156]. Headroom range is wked for 8-bit luma data as
having the range [16 235]. Black is de ned as 16 and white 235This extra range is de ned
to allow for signal processing of the signal in studio envinaments, for example some under-
and over-shoot introduced by ringing of a digital Iter. For image processing it simply means
the data does not use the full 8-bit dynamic range.

Audio was simultaneously recorded at 22.05kHz, 16-bit resation. All recording was
done using a QuickTime capture application written speci cally for this task. Digitisation
was direct to RAM (maximum amount, 68MB) as even quarter PAL frame greyscale video
was beyond the disk bandwidth of a 1993 Macintosh. Recordingdirect to memory ensured
no frames were dropped and using the QuickTime recording litaries maintained audio-visual
time alignment. Digitisation was performed in blocks of three letters due to memory (record-
ing time) limitations. Su cient space was left before the r st letter to allow the SVHS video
recorder to settle and the video digitiser to accurately syohronise to it; this gave reliable
25fps recording.

The full face images (Figure 3.1 shows an example), were fumer cropped to a region of
80 60 pixels after manually locating the centre of the mouth in the middle frame of each
utterance.

Each utterance was temporally segmented by hand using the sual data so that each
utterance began and ended with the talkers mouth in the clos# position. The audio signal
was further manually segmented into periods of silence-usirance-silence. Figure 3.2 shows
example frames from each of the ten talkers. An example utt@mnce sequence is shown in
Figure 3.3 for the letter "M".

This database has been made freely available for research @DROM and has been
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Figure 3.1: Example full frame image from the AVletters database.

Figure 3.2: Example frame from each of the ten talkers in the AVletters daabase.
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Figure 3.3: Example sequence from the AVletters database of the lettetM'. First
frame is top-left and the sequence proceeds in a left to rightop to bottom order.
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distributed to several non-UK research groups by request.

3.2 Tulipsl Database

The Tulips database [141] was recorded by Javier Movellan ahe Department of Cognitive

Science at the University of California at San Diego. It conains two repetitions of the

isolated digits 1 4 by each of 12 talkers, 9 male and 3 femala total of 96 utterances. This
was recorded using o ce ceiling lights with an additional incandescent lamp at the side to
simulate o ce working conditions. Talkers were not restrained but could view their mouths

and were asked not to move out of shot. All talkers were studds of the cognitive science
school at the time of recording and are of mixed ethnic origin

The database was digitised atl00 75 resolution at 30fps (NTSC frame rate) using a
Macintosh Quadra 84@v in ITU-R BT.601-4 8-bit headroom greyscale. Audio was simul-
taneously recorded at 11kHz, 8-bit resolution. This databae is available to download from
http://cogsci.ucsd.edu/~movellan/ . Each utterance was hand segmented so that the
video and audio channels extended to one frame either side ah interval containing the
signi cant audio energy. If the lips were clearly moving bebre or after this time up to an
additional three extra frames were included.

This database has been extensively studied and recognitioresults obtained using sev-
eral feature extraction methods have been published by MoWan et. al [73,141 143] and
Luettin [106,107,109, 110].

An example frame from each of the twelve talkers is shown in Fgure 3.4. The side
incandescent lamp more clearly highlights the lip contour m comparison to the ceiling lit
AVletters, Figure 3.2. An example utterance sequence of thdigit "1' is shown in Figure 3.5.
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Figure 3.4: Example frames from each of the twelve talkers in the Tulips dtabase.
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Figure 3.5: Example sequence from the Tulips database of the digit "1'. iFst
frame is top-left and the sequence proceeds in a left to rightop to bottom order.

21
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3.3 Comparison

The most obvious di erence between the AVletters and Tulipsdatabase is size. For statisti-
cal analysis the 780 utterances of the AVletters database isally rather small. In compar-
ison, audio databases typically have hundreds of thousandsf utterances. The WSJCAMO
database [68] for example has 8280 trainingentencesand 3840 test sentences with a 64,000
word vocabulary. The Tulips database is only an eighth as lage as AVletters but o sets
this to an extent by covering the much simpler four word vocalulary. A comparison of the
database tasks and conditions is given in Table 3.3.

| Attribute AVletters Tulips
Task Az 14
Repetitions 3 2
No. talkers 10 12
Utterances 780 96
Frames 18,562 934
Frame rate 25Hz 30Hz
Image size 80 60 100 75
Lighting ceiling ceiling + side
Audio 16-bit 8-bit
Audio rate 22.05kHz 11.127kHz

Table 3.3: Comparison of AVletters and Tulips databases.

The second clear di erence is the average utterance lengttDespite the faster 30Hz NTSC
standard frame rate of the Tulips database the more zealousrapping by audio energy of the
utterances produces a mean of only 9.7 frames. The AVletteratterances where cropped
using lip motion and audio was segmented independently so ghmean utterance has 23.8
frames. There is also a greater range of utterance length in\Aetters. Table 3.4 shows the
min, max, mean and standard deviation of the utterance lengts for both databases.

| Stat Unit | Avietters | Tulips |
. frames 12 6
Min
seconds 0.48 0.20
Max frames 40 16
seconds 1.60 0.53
Mean frames 23.80 9.73
seconds 0.95 0.32
Std frames 4.48 2.24
seconds 0.18 0.07

Table 3.4: Statistics of AVletters and Tulips databases.

Both databases have considerable variability in image qudly, the quality of focus often
di ers between talkers. Talkers in the Tulips database somémes move their lips out of the
frame, this can be seen in the example sequence in Figure 3.Both databases attempted
to minimise motion of the talker by providing a feedback framed shot of the mouth during
recording and in both cases this is not always successful. &y [73] found recognition accuracy
based on pixel analysis improved after the Tulips images weraligned for translation, rotation
and scale using the tracking results of Luettin [116].
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For a database as small as Tulips it is practical to hand aligrmany of the images. Luettin
hand labelled training points on 250 images for his active sipe model lip tracker, almost
27% of the data. This means for a large portion of the databaséhe true model alignment
was known. For a more representative larger database this ignrealistic. In this thesis all
pixel-based analysis methods are applied to these databasithout any pre-processing.
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Chapter 4

Low-Level Visual Speech Analysis

The goal of visual feature extraction is to obtain discrimiratory lipreading information from

image sequences that is robust to varying imaging conditiom and talkers. This chapter
describes four low-level, pixel-based methods that use a rtiscale spatial analysis (MSA)
technigue based on sieves [35,7,8]. Low-level methods adoenforcing prior knowledge of
what the salient image features for lipreading are. Insteaddirect analysis of the image pixel
values is used and, typically, statistical methods are usetb determine features.

Multiscale spatial analysis di ers from most low-level metods that use principal compo-
nent analysis (Appendix A) to extract “eigenlip' features fom the image greylevels [24,27,32,
34,63,104,136]. Instead, visual features are derived ugimne- or two-dimensional scale-space
analysis. This disassociates pixel intensities from the i{@-level image structure and allows
independent analysis of the structure within a well de ned nmathematical framework.

This chapter describes three methods that use a 2D image anais to derive area-based
features, and one 1D analysis that measures vertical lengsh When further data reduction
is required PCA is used to nd the most signi cant components.

First, sieves and the morphological operations required & de ned and their properties
discussed. The four proposed lipreading feature extractio methods are then described and
demonstrated using example sequences.

4.1 Multiscale Spatial Analysis

Multiscale spatial analysis is a low-level, pixel based, nthod of image analysis. An image is
decomposed using a nonlinear scale-space decompositiogaathm called a sieve [3 5,7, 8].
This is a mathematical morphology serial Iter structure th at progressively removes features
from the input signal by increasing scale, Figure 4.1 showshts structure. At each stage the
Itering element  removes extrema of only that scale. The rst stage, 1, removes extrema
of scale 1, , removes extrema of scale 2 and so on until the maximum scafe. The extrema
removed are calledgranules and a decomposition into agranularity domain is invertible and
preserves scale-space causality [79].

There are a number of possibilities for the ltering element . Section 4.2 covers some
mathematical morphology operators and describes the propges required for using them in
a sieve.

Section 4.3 gives a mathematical description of a sieve anthewvs how it decomposes a
signal. Section 4.4 describes how lip features can be obta&id using this decomposition.

25
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Figure 4.1: Sieve structure.

4.2 Morphological Processors

Mathematical morphology is the nonlinear analysis of sign, often images, by shape. The
original work by Matheron in 1975 [126] was extended by Serrgl70 172]. This section

is a basic introduction to the morphological processors aspplied within a sieve. Fuller

expositions include the above references and introductianby [62, 78, 154].

The basic morphological operation is a probing of the signalX , using somestructuring
element B. When applied within a sieve there is no longer the need for th concept of a rigid
structuring element, it is retained here to make the explanéion simpler and compatible with
the standard de nitions.

4.2.1 Erosion

Binary morphological erosion is de ned as the set of all poirg, y, from the output of the
structuring element, B, where it completely ts inside the set of signal points, X,

B (X)
X B

fy; 8b2B; y+ b2 Xg (4.2)
b;B(X + b) (4.2)

where g(X) and X B are alternative notations for the erosion ofX by B.

Equation (4.2) shows that binary erosion can also be consided as the intersection of the
signal and the structuring element. In the binary case this $ a logical AND'ing of the signal
with the structuring element. This can be extended to greysale, i.e. the processing of a real
valued function, f (x), with a real valued structuring element, h(x), that need not be at.
Greyscale erosion is then de ned as,

hoof O = Inf [T (x+y) - h(y)] (4.3)
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If the space is discrete the in mum is replaced by the minimumoperation,
hoof (X) = Tﬁﬂ [f (x+y) h(yl (4.4)

A useful analogy is that of an upwardly sprung stylus, the stucturing element, moving
underneath the signal. In Figure 4.2 the structuring elemeh passes along the underside of
the signal shown in blue. The red signal is obtained for a at sructuring element of width
three that outputs in the centre.

Erosion Example
6 T T

5r —_— Structuring element length: 3 B
— Original signal
4r — Eroded signal =

3k — 4

1 I I I I I I I I
2 4 6 8 10 12 14 16

Figure 4.2: Example of greyscale erosion.

4.2.2 Dilation

Binary dilation is the complement of erosion and de nes the seof all points, y, from the
output of the structuring element, B, where it touches the set,X,

B (X)
X B

fy+b; y2 X; b2 Bg (4.5)
b£B(X + b) (4.6)

again g(X) and X B are alternatives for the dilation of X by B.

Dilation is the union of the signal and the structuring element. For binary signals this
is a logical OR'ing of the structuring element with the signd. This can also be extended to
greyscale processing of the functiort, (x), and structuring element, h(x),

heof (X) =sup[f (x y)+ h(y)] (4.7)
y2H
In discrete space the supremum is replaced by the maximum opetion,
heof (X) = max [f (x y)+ h(y) (4.8)

Figure 4.3 shows the same signal as in Figure 4.2 but with thersicturing element passed
over the top of the signal. The red signal is the dilation of the blue signal with a at, centre
outputting, structuring element of width three.

4.2.3 Opening and Closing

Erosion and dilation are the most basic morphological opettars but they introduce a bias
into the Itered signal through either the max or min operati on. This can be reduced by
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Dilation Example

6 T T
5r —_— Structuring element length: 3 B
— Original signal
4r — Dilated signal
3L
2L
1k
0
_l 1 1 1 1 1 1 1 1
2 4 6 8 10 12 14 16

Figure 4.3: Example of greyscale dilation.

following an erosion by a dilation, or following an dilation by an erosion an opening or
closing.

The opening operation is obtained when the signal that is r¢ eroded then dilated (min
then max),

ho)f (X) = heo (Cheof (X)) (4.9)

This removes the positive extrema smaller that the structuing element size. Figure 4.4
shows the example signal opened with a at structuring elemat of length three that outputs
in the centre, the local maxima have been removed.

Opening Example
6 T T

5r —_— Structuring element length: 3 =

— Original signal
4 — Opened signal B

1 I I I I I I I I
2 4 6 8 10 12 14 16

Figure 4.4. Example of greyscale opening.

The opposite to opening is closing which is de ned as a dilatin followed by an erosion
(max then min),

ho)f (X) = heo(neof (X)) (4.10)

This removes the negative extrema smaller than the structung element size. Figure 4.5
shows the example signal closed with a at structuring elemet of length three that outputs
in the centre.

4.2.4 Alternating Sequential Filters

A further extension is to apply alternating openings and claings [172]. Both openings and
closings have a bias in the sign of the extrema they remove: epings remaove positive extrema,
closings remove negative extrema. By applying one after thetler this bias can also be
reduced, again noting that the order of application a ects the resulting signal.
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Closing Example

6 T T
5r —_— Structuring element length: 3 B
— Original signal
4r — Closed signal =
3r i
2 - " -
1 4,—‘ |_ |
0
_l 1 1 1 1 1 1 1 1
2 4 6 8 10 12 14 16

Figure 4.5: Example of greyscale closing.

The M - lter is de ned as an opening followed by a closing (e.g. min max, max, min),

Mhi) = nheol neof (X)) (4.11)

This removes both positive and negative extrema smaller tha the structuring element.
Figure 4.6 shows an example.

M-filter Example
6 T T

5r —_— Structuring element length: 3 B
— Original signal
4r — M-filtered signal =

1 ] *
o | | a

1 I I I I I I I I
2 4 6 8 10 12 14 16

Figure 4.6: Example of anM - lter.

The oppositeN - Iter is de ned as a closing followed by an opening (e.g. maxmin, min,
max),

Nhox) = h)( npof (X)) (4.12)

This di ers from the M - lter as it removes negative extrema before positive extrena. The
di erence can be seen in Figure 4.7 between positions 10 18vhere theM - lter removed the
positive extrema rst and so lled in at the lower level the N - Iter removes negative extrema
rst and lls in at the higher level.

4.2.5 Morphological Properties

This section brie y describes the main properties of the mophological operations covered.
To de ne the properties it is useful to introduce the symbol Q to be any of the morphological
operators de ned previously. In all cases a at structuring element is assumed.

Given an operator Q the dual is Q (f) = Q ( f) which is the inverse of the dual
operator applied to the inverse of the signal. Erosions, détions, openings, closings and
M - and N - Iters are duals.
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N-filter Example
6 T T

5r —_— Structuring element length: 3 B
— Original signal
4r — N-filtered signal =

1 I I I I I I I I
2 4 6 8 10 12 14 16

Figure 4.7. Example of anN - lter.

The operator Q is monotonically increasing if given g h, then Q(g) Q (h). This
means given a signal that is a subset of of another the Iteredrersion of the subset is a
subset of the Itered version of the signal. Erosion, dilatbn, opening, closingM - and
N - Iters are all increasing.

The operator Q is anti-extensiveif Q(f) f andextensiveif f Q (f). This describes
operators that are contained by the original signal and opeators that contain the
original signal. Opening is anti-extensive and closing isxensive.

The operator Q is idempotent if Q(Q(f)) = Q(f). This property means that once
applied, repeated applications of the same Iter have no e et. Opening, closing,M -
and N - lters are idempotent.

For use in a sieve the idempotent property is required. This msures that at each scale
the lter, in a single application, has removed everything y to the current scale. No smaller
scale features are allowed to exist after the current scalelter has been applied. This means
morphological opening, closingM - and N - lters can be used in a sieve.

A signi cant di erence between nonlinear morphological Iters and linear lters is in
edge preservation. Low pass linear Iters remove the high &quency components needed
to represent a sharp edge. Nonlinear lters use rank order ogrations (so far only mins
and maxes have been de ned) and have a di erent e ect on sharpedges. Using at centre
outputting structuring elements leaves edges intact and inplace.

4.3 Sieve Decomposition

A sieve can be de ned in any number of dimensions by considery an image to be a set of
connected pixels with their connectivity represented as amgph, G = (V; E) where the set of
vertices, V, are the pixel labels and the set of edges;, represent the adjacencies. Figure 4.8
shows an examples 5 image and the four-connected edges. For this example the irgae is
the graph G = (V;E) with V = f1;2;3;:::;25gand E = f(1;2);(1;6);(2;3);(2;7);:::0.

If the set of connected subsets ofs containing m elements isC;(G) then the set of
connected subsets om elements containing the vertexx can be de ned as,

C(Gx)=f 2C(G)jx2 ¢ (4.13)

For the example four-connected graph in Figure 4.8 the set ofonnected subsets with 2
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Figure 4.8. Image represented as a four-connected graph.

elements containing vertex 7 { =2, x =7) is,
Ca(G;7) = 1(2;7);(6;7); (7, 12), (7; 8)g (4.14)

The morphological operators de ned in section 4.2 can be rde ned using this graph
notation to operate on connected regions. There is no longea rigid structuring element
operating on the image because the image is now consideredaseries of connected subsets
and the lters are de ned to operate on these. E ectively a at structuring element is used,
but it has no xed shape as it operates over an arbitrarily comected region. The properties
of ltering using a at structuring element are retained.

In any number of dimensions, for each integer 1, an operatorQ, : ZV 7! ZV can be
de ned over the graph whereQ; is one of,

F(X) = zrg%;x)r&inf (u) (4.15)
(X)) = 2@|PG;X)T2axf (u) (4.16)
M f(x) = (f(x) (4.17)
Nef(x) = ((f(x)) (4.18)

For example, > is an opening of scale one (; operates on individual pixels so has no e ect
on the signal) and removes all maxima of length one in 1D, areane in 2D and so on for
higher dimensional signals. Likewise for closing,, and M - and N - lters. Applying 3 to

2(f (x)) would further remove all maxima of scale two; length two for D, area two for 2D.
This is the serial structure of a sieve shown in Figure 4.1. Ezh stage removes the extrema
(maxima and/or minima) of a particular scale. The output at a scalem, f,, is the current
scale ltered version of the previous signal,

frin = Qraafy (4.19)
where the initial signal (una ected by an r = 1 morphological lter) is,

f1= Qif =f (4.20)
The di erences between successive stages are tgeanule functions

dr = fr fr+l (421)
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the non-zero regions of which are theyranules of only that scale.
The sieves de ned using these functions are summarised in Bé&e 4.1.

Filter | Symbol | Sieve | Extrema Processing

opening o-sieve maxima
closing c-sieve minima
M - lter M M -sieve bipolar
N - Iter N N -sieve bipolar

Table 4.1: Overview of sieve types.

In the 1D case Equation (4.13) becomes the set of intervals ntaining m elements,
C(x)=f[x; x+r 1]jx2Zg r 1 (4.22)

which is identical to Itering using a at structuring eleme nt.

4.3.1 Recursive Median Filter

In 1D a further variant on the choice of lter is a recursive median Iter. The morpholog-
ical Iters discussed in Section 4.2 process extrema di emly. An opening is a single pass
operation and removes only positive extrema, closing only @gative extrema. AnM - lter is
a two pass operation and removes positive then negative exdma and anN - lter removes
negative extrema before positive. The recursive median kr is a one-pass approximation to
the root median Iter 1 in which maxima and minima are removed in the order they occuin
the signal. A recursive median Iter can be de ned as,

g med( sf(x s+1);:::; f(x 1) x 0

sfF(xX) = f(X);:i;f(x+s 1) (4.23)
0 x< 0

r = (s 1)=2 (4.24)

This describes the sliding of a centre outputting median lter of s samples over the signal.
Figure 4.9 shows an example signal recursive median lteredith s=3.
Recursive Median Example

6 T T

5r —_— Structuring element length: 3 =

— Original signal
4+ — r -filtered signal

1 I I I I I I I I
2 4 6 8 10 12 14 16

Figure 4.9: Example of a recursive median Iter width three.

Unlike the previous morphological lters, a recursive medan over three samples only
removes extrema of width one, not two. To remove extrema of with two the signal must be

1A median lter applied repeatedly until no further change oc curs.
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Itered over ve samples, Figure 4.10 shows the example as = 5 and is analogous to the
previous example gures. In this case it is identical to theM - Iter. In general a recursive
median lter over s-samples removes extrema of scalgs 1)=2 where s must be odd. The
de nition of r in Equation (4.24) takes this into account so thatr is equivalent to the other
morphological lters.

Recursive Median Example 2
T T T

1 Structuring element length: 5
5r — Original signal —
— r -filtered signal

| T ,

0 A

1 I I I I I I I I
2 4 6 8 10 12 14 16

Figure 4.10: Example of a recursive median lter width ve.

The recursive median, like the multiple pass root median lter, is idempotent [8]. It
also inherits the robust noise rejection properties of medin Iters and so, in 1D, is a valid
candidate for use in a sieve. In addition to the sieves de neih Table 4.1 the recursive median
sieve can also be de ned, Table 4.2.

Filter | Symbol | Sieve | Extrema Processing
recursive median| | m-sieve|  bipolar random

Table 4.2: Recursive median sieve.

One dimensional signal extrema have an implicit order, e.gleft to right, and the math-
ematical properties of a recursive median lIter are well dened [8]. For higher dimensional
signals there is no natural ordering so one must be imposed.n Ipractice, a left-to-right,
top-to-bottom scan, for a 2D example, can give viable Itersthat di er little from M - and
N - Iters and can be used in a 2Dm-sieve.

4.3.2 Example Decomposition

Figure 4.11 shows a sieve decomposition of the “face' imageRigure 4.8 using a 2Dm-sieve.
The left column shows the image successively decomposedrsitag from the original image
at the top. The right column shows the di erence image at eachscale, the non-zero parts of
which are the granules at that scale. At scale one the area orextrema, the ‘nose' and “eyes',
are removed leaving only the "‘mouth'. Nothing is removed at cale two and the “mouth’ is
removed at scale three. There are no extrema greater than amethree in the image so it is
fully decomposed at scale three. There are no further changdrom scale four through to the
maximum scale of the image5 5= 25.



34

CHAPTER 4. LOW-LEVEL VISUAL SPEECH ANALYSIS

scale 1

scale 2

scale 3

scale 4

Figure 4.11: Sieve decomposition. Left column shows the successivelytered
images. The right column shows the di erences, containing e granules of that
scale.
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4.3.3 Invertibility

This simple example demonstrates the invertibility propety of sieves [4,8], the original signal
can be reconstructed by summing the granules, Equation (41, over all scales,

f=d+dy+ :::+ dn (4.25)

where m is the maximum scale of the signal.

Adding up all the images of the right hand column of Figure 4.1 would result in an image
with eyes, nose and mouth the same as the original. Howeverhé¢ baseline or maximum
scale value, analogous to the DC component of a Fourier trafisrm, of the image would not
be preserved. To preserve the maximum scale value the signean be padded with zeros,
e ectively adding a “'moat' around the signal. In 1D this is simply adding a zero to the start
and end of the signal, in 2D a border of zeros around the imageith area greater than the
image is required. This extends the signal, without adding ay new extrema, so that when
the padded signal is fully decomposed the true, unpadded, mxanum scale extrema can be
removed. When the resulting granules are summed the origihaignal can be reconstructed
exactly. If the signal is not zero padded there may be a o setn the reconstructed signal.

Figure 4.12 demonstrates the e ect of zero padding a 1D sighaising an m-sieve. The left
hand column shows the original signal, its granularity decmposition and the reconstruction.
Two granules are found: a negative amplitude at scale one and positive at scale two.
When summed, these reconstruct the signal with the baselinenoved to zero. The right
hand side shows the zero-padded signal, granularity and reostruction. This example also
demonstrates the in-order extrema processing of am-sieve, this time the rst extremum is a
large positive scale one. The rest of the signal is then decqrosed as two positive extrema at
scale two and four with the baseline o set at scale six as exmp¢ed. The reconstructed signal
is identical to the original, zero-padded signal.

4.3.4 Scale Space

A sieve is a method for scale-space analysis of a signal. Stapace extends and formalises
multi-resolution analysis by de ning scale as a continuousparameter, Witkin [193]. In a
conventional multi-resolution scheme coarse scale is assated with coarse resolution and
analysis takes place at a set of xed scales. A scale-spacepresentation of a signal allows
analysis over all scale. Figure 4.13 shows the multiscalecale-space representation of an
image.

Koenderink [96] formalised thecausality requirement which demands that a scale-space
processor must progressively simplify the signal as the sleaparameter is increased. He
required that no new level surfaces may be introduced by the ltering, all features must be
due to features seen at a lower scale the process must be caak

In addition to causality he introduced the further constraints of homogeneityand isotropy.
These require all spatial points and all scales to be treateth the same manner. Under these
conditions Koenderink showed that the scale-space reprasation of an image must satisfy
the di usion equation, of

r (cr f)= @s (4.26)
where s is scale. If the diusivity is a suitable constant this becomes the linear di usion
equation,

rof = fg (4.27)

which can be implemented by convolving with the Green's funtion, the Gaussian kernel. This
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Figure 4.12: Demonstration of zero padding to preserve the baseline sighvalue.
Decomposition using anm-sieve processes extrema in order so the zero-padded
right hand side is decomposed di erently. Note positive extemum at scale one
instead of negative. The reconstructed zero-padded signal identical to the original
zero-padded signal. The reconstructed non-padded signalak the baseline value
removed.
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Coarser signal I Increasing scale

Original signal

Figure 4.13: Scale-space ltering of a signal. Due to [105].

is the unique kernel for scale-space ltering under these deitions, a result that extends to
arbitrary dimensional signals if causality is carefully dened [105]. However, the resulting
scale-space has several problems:

1. Edges become blurred at increasing scale;

2. Extrema may be introduced;

3. An image at scales may contain features at many scales;
4. Multiple convolutions require signi cant computation.

If the homogeneity and isotropy restraints are relaxed altenative methods of scale-space
analysis are allowed. Perona and Malik allow the conductiortoe cient, c, in Equation (4.26)
to vary as a function of the image gradient [149]. The resultig anisotropic di usion is com-
putationally even more expensive than linear di usion but preserves sharp edged structures
in the signal.

A sieve represents an alternative nonlinear method of scalgpace ltering. Figure 4.13 is
clearly similar to the sieve structure in Figure 4.1. Furthemore, a sieved signal at a given scale
contains only extrema at that scale, a result that leads to the invertibility property described
in Section 4.3.3. Also, sharp edged features are preservatscale and position, extrema are
never introduced (M - and N -sieves [4]) and a sieve can be computed very e ciently [6].

An example of linear di usion (Gaussian kernel), anisotropc di usion and M -sieve de-
composition is shown in Figure 4.14 for various scales. Theriginal image? is shown increas-
ingly simpli ed, the edge blurring of linear di usion is gre atly reduced by using anisotropic
di usion and eliminated in the sieve decomposition. A compaison of several scale space
processors can be found in [21].

4.4 Feature Extraction

A full sieve decomposition of a mouth image retains all of thenformation in the original
image. To extract useful features from images for lipreadig some way of condensing this
information into a relevant feature space must be found. Theuse of a scale based decomposi-
tion allows this feature space to be de ned using scale infonation rather than pixel intensity

2Crescent wing of the Sainsbury centre for visual arts, Unive rsity of East Anglia.



38

CHAPTER 4. LOW-LEVEL VISUAL SPEECH ANALYSIS

Original image

?W/I’II_”I FyEwy

s .

Linear di usion Anisotropic di usion M -sieve decomposition

Figure 4.14: Comparison of scale-space processors. The original image fro-
gressively simpli ed using: left, Gaussian Itering (linear di usion); middle, edge
preserving anisotropic di usion and; right, sieve decompsition. From [20].
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values directly. This makes the assumption that useful visal speech information may be
found by examining the temporal scale structure of mouth imge sequences.

All of the work presented in this section concerns feature dxraction from the roughly
hand-located mouth images of the two databases described @hapter 3. The problem of
automatically nding the region of interest containing the mouth is not discussed here but
face location systems for lipreading have been demonstrateelsewhere [137,150]. The mouth
image sequences often show signi cant motion as they were haccurately tracked and the
talkers were not restrained. It should not be unreasonabled demand equivalent performance
from an automatic system used as a front end for any of the methds discussed.

The rst three proposed methods, based on 2D area-sieve analis of the mouth images,
were rst published in [80]. The nal method applies a 1D lengh-sieve to the 2D images and
has been published as [80,127 132].

4.4.1 Area Tracking

An obvious sieve-based approach is to use a 2D sieve to decamsp each mouth image by
area and locate the granule associated with the mouth cavity This is similar to the blob
extraction approach originally used by Petajan [151]. An eample area decomposition is
shown in Figure 4.15.

One problem when decomposing two-dimensional images is ti@rge number of resulting
granules; for example, arN N square image, wheréN = 2M | that has a checkerboard pat-
tern at area one with another checkerboard overlayed at aretour and so on would potentially
have,

|OK2 N N 2
No. granules= > (4.28)
s=0
which is a geometric series with sum,
AN? 1

No. granules= (4.29)

3
In practice there will be less granules as there are fewer gievels than pixel values in many
images. In general foranM N image there may be granules at any or all of the N
possible scales. This is often too ne a decomposition and fdhe example in Figure 4.15
the granules are grouped into channels increasing in scalahdwidth by a power of two each
time, scales 12, 34, 516, 17 32 and so on until the maximum scale of the image, thirteen
channels for this80 60 mouth image.

The rst twelve channels are shown in Figure 4.15 resulting fom an M -sieve decompo-
sition. Here, positive granules are red and negative blue. fle mouth cavity is clearly seen
as a large negative granule in channels nine and ten (grandeof area 257 to 512 and 513 to
1024). By channel eleven, the dark patch under the lower lip i$ncluded also. There are no
granules greater than area 2048 pixels so channels twelvedathirteen are empty.

One method of obtaining lipreading information using this decomposition is to bandpass
2D sieve each mouth image and extract only the large negativgranules associated with the
mouth cavity. The area of these granules is a measure of the aant of mouth opening.
Figure 4.16 shows an example image bandpass sieved. A thresthis applied to nd only
large negative granules (only granules with intensity<  25) which forms a mask covering
only the mouth cavity. This is summarised in Algorithm 4.1.

The area of this cavity can be plotted over time, Figure 4.17 for an example utterance
of the isolated letters D, G, M. The audio waveform is alignedand plotted underneath as
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Example image

2D M-sieve: 1to 2 2D M-sieve: 3to 4 2D M-sieve: 5t0 8
L_J
= [
2D M-sieve: 9 to 16 2D M-sieve: 17 to 32 2D M-sieve: 33 to 64
E___J 'ﬁ
I "
2D M-sieve: 65 to 128 2D M-sieve: 129 to 256 2D M-sieve: 257 to 512

i o
= 4=

2D M-sieve: 513 to 1024 2D M-sieve: 1025 to 2048 2D M-sieve: 2049 to 4096

Figure 4.15: Area decomposition of a mouth image. The full 2D sieve deconmp
sition is grouped into channels of granularity increasing in bandwidth by a power
of two each time. Positive granules are shown in red, negatévin blue.
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e
= o

minScale= 300
maxScale= 2000
threshold = 25
for all images in sequenceo
bpimg = bandpassSieve2D(minScale, maxScale)
area=0
for all pixel values threshold do
area=area+1
end for
save area
end for

Algorithm 4.1:  Area tracking.

(a) image (b) bandpass 300 to 2000

e

(d) masked image (© 25 threshold mask

Figure 4.16: Area tracking. The image (a) is bandpass 2D sieved (b) to keep
only granules of area between 300 and 200 pixels. A threshold applied to nd
extrema of amplitude 25 and form a mask (c). The area of this mask forms the
measurement. The actual image pixels this represents (d) armainly the mouth
cavity.
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an aid to interpreting the visual data. The mouth area is geneally zero between utterances,
as expected. A couple of noise points between G and M are the @eption. During each
utterance the area rises and falls as the mouth opens and cles For the utterance M, there
is a lip smack before a release and nal closing, Figure 3.3 etvs the images of the "M' of
this sequence, and this can be seen in the area plot.

Example sequence ‘D-G-M'

Mouth area
800F ‘
N
(2]
© 600
X
24001
o
£ 200t | |
o | |
20 40 60 80 100 120
Frame No.
x 10*
T
1 - -
i) D G M
E
z 0 *
-1 ! ! ! ! ! ! ! ! ! ! =

Sample No. % 10"

Figure 4.17. Area tracked sequence. Top row shows example images from the
sequence of isolated letters, "D-G-M'. Middle row plots thearea of the thresholded
granularity assumed to be the mouth cavity. Bottom row is the time aligned audio
waveform.

4.4.2 Height and Width Tracking

An extension to simply nding the area of the 2D sieve extraced mouth blob described in
the previous section is to measure its shape. Exactly the saenimage processing is used to
obtain the mask, for which the granularity bandpass values ad threshold have been chosen
so that it is associated with the mouth cavity. New features ae then formed by measuring
the horizontal width and vertical height of this mask.

Section 5.1 will discuss Active Shape Model (ASM) lip-trackng and, as part of the statis-
tical analysis of lip shape, vertical and horizontal mouth @ening are found to be the major
modes of shape variation. This approach is similar, but muctcruder, to the chroma-key lip
extraction and measurement system used by the group at the Btitut de la Communication
Parlée, Grenoble, for example [1], and was also used in Petay's rst computer lipreading
system [151].

A very simple algorithm was used but the results obtained appared acceptable on the
data sets used. However, no hand measured data exists to allca numerical analysis of the
accuracy of this method. In particular the ~ood II' like op eration of an area sieve (locating
connected regions in 2D is similar to nding the level zones sing a ood II) cannot be
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guaranteed to always extract just the mouth cavity. The exanple in Figure 4.16 shows that
sometimes the mask includes part of the upper lip. The stabity of this method depends on
the shading of the inner lip contour and can vary between talkrs and utterances. In this
case the extracted mask does not extend to the lower lip but ibound by the bright contour
of the lower teeth.

The height is measured by nding the vertical length of the mask through the mid-point
of the image, shown in red in Figure 4.18. The width is measuckas the horizontal extent of
the mask mid-way along the vertical height line and shown in geen. As there is little rotation
in the databases this tends to extract visually acceptable masures of height and width.

F "

(a) image (b) bandpass 300 to 2000

(c) measured height and width

Figure 4.18: Height and width tracking. The image (a) is bandpass 2D sieva (b)
to keep only granules of area between 300 and 2000 pixels. Aréshold is applied
to nd extrema of amplitude 25 and form a mask (c). The vertical length of
the mask at the midpoint of the image and the horizontal width at the midpoint
of the height form the mouth height and width measurements.

The height and width measured using this method are plotted ér the D-G-M sequence in
Figure 4.19. Height is plotted in red, width in green. As the height and width measurements
are based on the same image processing used for area trackihg errors between G and M
are also seen on this plot. The lip rounding at the start of theG utterance can be seen as
the increase in height and decrease in width after the initihmouth opening. The utterance
D has no elongation for this talker so the opposite e ect is nbseen there.
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Example sequence "D-G-M'

Mouth height and width
T

£ 100F — Width ‘ ]
X — Height
a
=)
c
3
0 il 1 il il
20 40 60 80 100 120
Frame No.
x 10°
1 - -
9 D G M
K
z 0 *
-1t ! ! ! ! ! ! ! ! ! ! =

Sample No. x 10*

Figure 4.19: Height and width tracked sequence. Top row shows example inges
from the sequence of isolated letters, 'D-G-M'. Middle row fots the height (red)
and width (green) of the thresholded granularity assumed tobe the mouth cavity.
Bottom row is the time aligned audio waveform.
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4.4.3 Area Histogram

The problems of reliably using a 2D sieve to extract the mouthcavity and perform mea-
surements discussed in the previous two sections can be aged by using all of the scale
information rather than applying thresholds and xing band pass limits by hand.

An example decomposition is shown in Figure 4.20 using a cliog c-sieve. As mentioned
previously, a full 2D decomposition covers potentiallyM N scales but can be compressed
into more manageable channels of granularity. A simple mease of the distribution of scale
(area) in the image can be obtained by plotting the number of ganules found at each scale,
or more practically each channel. In this example 60 channglare evenly spaced along the
1;2;:::;4800possible scales of th&0 60 mouth image from the AVletters database. This is
also plotted for the D-G-M sequence in Figure 4.21 and the nubver of granules per channel
clearly changes during articulation and remains fairly stéionary at other times.

v

v —— -
b o ] ower

e
-y

N .

(a) image (b) 2D sieve decomposition

6

(4]

N

N

No. granules” channel
w

=

o

10 20 30 40 50 60
Channel

(c) area histogram

Figure 4.20: Area histogram. The image (a) is fully decomposed using a-sieve
to process only negative extrema. The decomposition in grqaed into 60 linearly
space channels (b) and the number of granules found at eachade plotted (c).

Other choices for grouping the granularity decomposition mto channels are possible. If,
for example, the mouth opening is considered as roughly ciutar then the area increases as
the square of vertical opening. In this case channels spacesb they increase by a squared
relationship might be more appropriate. It may be that only coarse large scale granules are
relevant as any noise in the image tends to be shown at smallale, in this case an exponential
channel spacing might be e ective. Figure 4.22 plots the liear, squared and exponentially
spaced channel boundaries used.

An example decomposition spaced using the squared curve ie@vn in Figure 4.23 with
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Example sequence 'D-G-M'

Area c-sieve histogram, 60 linear channels (linear scaled)

©
c
c
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Figure 4.21: Area histogram sequence. Top row shows example images frommet
sequence of isolated letters, "D-G-M'. Middle row plots thearea histogram, the
number of granules found at each of 60 linearly space chanmsein the granularity
decomposition. Bottom row is the time aligned audio waveform
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Figure 4.22: Channel spacing. Comparison between linearly spaced chagls and
channels spaced evenly on a square curve or exponential.
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the matching D-G-M sequence in Figure 4.24. The result of uskthis spacing is that more
channels are devoted to the smaller scales and ner informain can be seen in the lower
channels of Figure 4.24.

(a) image (b) 2D sieve decomposition

6

%))

N

N

No. granules” channel
w

[

o

10 20 30 40 50 60
Channel

(c) area histogram

Figure 4.23: Area histogram. The image (a) is fully decomposed using a-sieve
to process only negative extrema. The decomposition in grged into 60 channels
increasingly spaced on a squared axis (b) and the number ofgmules found at each
scale plotted (c).

As well as choosing the channel spacing and number of chanedhe type of sieve used
for the decomposition is important. Figures 4.20 and 4.23 bibh show decompositions using
a closing, c-sieve, that only processes negative extrema. The mouth ciy is usually darker
than the face and a closing sieve constrains the analysis toedompose the image using only
these features. However, any of the types of sieve discussiedsection 4.3 can be used.

The histogram of an area decomposition of an image is relatdly insensitive to displace-
ment. If no new image features were introduced by, for exampl a horizontal shift of the
mouth, then the area histogram would not change.

4.4.4 Scale Histogram

The previous sieve-based analysis has all been derived ugim 2D area-sieve. This gives
a very large number of possible scales and can suer from a laof stability in the poor
contrast regions that are often found around the lips. The rsulting features are rather
coarse measurements either based on empirically chosen wa$ to preprocess the images or
on the distribution of area.
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Example sequence 'D-G-M'

Area c-sieve histogram, 60 squared channels (linear scaled)

20 40 60 80 100 120
Frame No.

= ! ! ! ! ! ! ! ! ! ! =
1 2 3 4 5 6 7 8 9 10 11
Sample No. % 10*

Figure 4.24: Area histogram sequence using channels spaced using a sopghr
curve. Top row shows example images from the sequence of &eld letters, 'D-G-
M'. Middle row plots the area histogram, the number of granuks found at each of
60 channels, spaced on a squared axis, in the granularity demposition. Bottom
row is the time aligned audio waveform.
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An alternative approach is to apply a 1D length-sieve to the image. A 1D sieve is more
stable in smooth low contrast signal regions than its 2D equwalent because 1D connected
regions are less able to merge or split due to pixel noise. A 1Bnalysis of a 2D image can
be obtained by raster scanning, i.e. for a vertical scan starat the top left and scan down
the rst column then repeat starting at the top of the second column and so on. The re-
sulting granularity describes the image in terms of granule that measure amplitude, scale
and position relative to the raster scan. All of the sieve prperties are maintained, and the
image is simply treated as a series of one dimensional sigealAn example image is shown
in Figure 4.25(a) and a vertical scan line highlighted in yelow in Figure 4.25(b) with the
preceding scan lines amplitude compressed to demonstratéid piecewise 1D nature of this
decomposition. The granularity is shown in Figure 4.25(c) potting scale on the vertical axis
and vertical raster position relative to the top left of the image along the horizontal. Gran-
ules for this bipolar recursive medianm-sieve decomposition are plotted in red for positive
amplitude and blue for negative. The maximum scale is determed by the longest raster
line. For this example, the maximum scale is the height of themage, 60 pixels. A 1D length
decomposition is signi cantly more compact over scale thara 2D area decomposition.

A full 1D decomposition maintains all of the information in the image. The invertibility
property, Equation (4.25), means that the original image ca be reconstructed by summing
the granules plotted in Figure 4.25(c). The 1D decompositin separates the image features
out according to length, in this case vertical length. Other1D decompositions are possible
by changing the direction of the raster scanning, for exam@ horizontal or at an arbitrary
angle. For lipreading, where most mouth movement is up and dan, it is preferable to scan
the image vertically.

In the same way as area-histograms were formed by counting ¢hnumber of granules in
each 2D channeljength-histogramsmeasuring the distribution of vertical length in the image
can be formed by summing the number of granules present at eaccale. Normally, length-
histograms will be referred to asscale-histogramsin this thesis. The relatively small number
of scales of the 1D decompaosition means the grouping into chaels required to make the 2D
analysis manageable is not necessary. A scale histogram fown in Figure 4.25(d), plotting
scale on the vertical axis and number of granules along the hiaontal. This can be visualised
as summing along the horizontal, position, axis of Figure £25(c). A scale histogram formed
in this way is a low dimensional representation of the overadlshape of the mouth in the image.
It is biased in the direction of most expected motion to be mossensitive to vertical changes
in the image.

If amplitude information is ignored by simply counting the number of granules at each
scale then the scale histogram is relatively insensitive tdighting conditions. An overall
brightening or dimming of the image is unlikely to signi cantly change the granularity de-
composition because it is the relative amplitudes of the pigls that de ne the signal extrema.
Until greylevel quantisation or clipping e ects are seen, ascale histogram is in practice very
stable to varying lighting conditions. However, signi cant information is described by the
amplitude of granules, for example when the granularity is mverted the low amplitude gran-
ules have very little observable e ect in the image. An obvias extension to a scale count
histogram (shortened tosh) is summing the amplitudes at each scaled). As amplitudes are
generally bipolar, further alternatives are to sum the abstute (jaj) or squared amplitudes
(a?). Figure 4.26 compares each method.

By summing or counting the number of granules over paosition, acale-histogram is rela-
tively insensitive to image translations that do not introd uce signi cant new image features,
more so in the less sensitive horizontal direction. The mossigni cant problem in practice is
due to image scaling. Both scale and area-histograms are a nseme of the scale distribution
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(a) image (b) raster analysis
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Figure 4.25: Multiscale spatial analysis. The image (a) is vertically raster

scanned. An example cut away (b) highlights a single slice iryellow and some
previous scanlines in green. The entire image is decomposég scale (vertical

length) into granularity (¢) using an m-sieve. Positive granules are plotted in red,
negative in blue. A scale histogram formed by summing or couimg over position

at each scale (d).
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Scale histogram types. The image (a) is decomposed using and
m-sieve, (b). The scale count histogramsh, is plotted in (c), the amplitude sum
histogram, a, in (d), the magnitude sum histogram, jaj, in (e) and the amplitude?
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in the image. Motion in the z-plane, toward or away from the canera, shifts both 1D and
2D decompositions through scale.

Any type of sieve can be used for a 1D rasterised image decongition. As discussed in
the previous section a closinge-sieve is biased to only process negative extrema which are
often associated with the dark mouth cavity. A recursive medan, m-sieve, is statistically
more robust and, by processing bipolar extrema, may be les&ssitive to variations between
talkers appearance. Figure 4.27 shows example granularigecompositions and scale count
(sh) histograms for m- o- and c-sieves.

Extracting lipreading features in this way is abbreviated to Multiscale Spatial Analysis
(MSA) to highlight the low-level scale based analysis useda derive lipreading features. The
scale-histogram obtained by counting the number of granule at each scale from am-sieve
is shown in Figure 4.28 for the D-G-M sequence.

4.5 Principal Component Analysis

The 2D sieve derived area-histograms and 1D (length) scaleistograms discussed in Sec-
tion 4.4 extract feature vectors from mouth images that are ather large. Both examples
shown form 60 dimensional vectors from thé80 60 mouth images of the AVletters database.
For the larger 100 75 images of the Tulips database vertical scale-histograms ar100 di-
mensional vectors.

For recognition a smaller feature space is desired as thislalvs less complex statistical
models that are easier to train. Principal component analys (PCA) is a statistical method
for identifying orthogonal directions ordered by their relative variance contribution to the
multidimensional data. PCA is a linear transform and each drection is a linear combination
of the original data. The result is an orthogonal rotation of the axes to align the rst in
the direction of most variance and so on by decreasing variae contribution. If the data
is correlated this transforms into a linearly decorrelatedspace. If there is no correlation
PCA will simply order the axes by variance. The values of the dginal data transformed
along the top N directions can be used as decorrelated features in a reducédd-dimensional
transformed feature space. Appendix A has the full mathemdtal details of PCA.

A problem with using PCA on scale-histograms is that althoudy the coe cients are all
measures of scale they do not have similar variance. Thereatypically many more small scale
objects in images than large and these often directly represit pixel-level noise. These will
be identi ed as the major axes of variance and any correlatio between small and large scale
coe cients is lost. This is an example of the PCA scaling probdem discussed in Section A.4.
The usual solution is to assume all variables are equally sigcant and normalise for variance
by calculating PCA using the correlation matrix rather than the covariance matrix. However,
if the variables are not equally important then this is not recommended [43]. As the relative
importance of each scale for lipreading is unknown both methds were used to derive PCA
features from scale-histograms.

An example transformation calculated using the covariancematrix and taking the top
twenty rotated directions is shown in Figure 4.29 for a conctenated letter sequence.
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Figure 4.27: Scale histogram sieve types. The full granularity of the image is
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plotted for recursive median, m, opening, o, and closing, ¢, sieves. Granules are

red for positive and blue for negative amplitude. The numberof granules at each

scale are plotted on the scale-histograms.
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Example sequence 'D-G-M'

m-sieve scale histogram, (linear scaled)

Scale

20 40 60 80 100 120
Frame No.

Audio
o

Sample No. % 10*

Figure 4.28: Scale count histogram sequence. Top row shows example image
from the sequence of isolated letters, "D-G-M'. Middle row fots the scale count
histogram (sh), the number of granules found at each of the 60 scales of tha-sieve
vertical decomposition of the80 60images. Bottom row is the time aligned audio

waveform.
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(a) scale-histogram sequence (b) PCA transformed sequence

Figure 4.29: Example PCA transformed scale-histogram sequence. The 60nden-
sional scale count histogram g¢h) from an m-sieve decomposition for concatenated
isolated letters "A-V-S-P', (a), is transformed using the bp 20 directions of PCA
analysis using the covariance matrix calculated over the dite database, (b).
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Chapter 5

High-Level Visual Speech Analysis

This chapter contrasts the previous low-level analysis chater and describes two related high-
level, model-based methods. The model-based approach assesome prior decision of what
the important visual speech features are. Typically the shpe of the lip contours is used
because they are the most prominent features [1,9,48,50,58,82,91,92,107,109,168,190,197].

A model-based system can only extract information about itelf. Typically the model is
imposed onto the data even if it does not support it and it is na di cult for a lip contour
model to converge into a sharply de ned nostril cavity or prefer the teeth or tongue boundary
to the real lip/face contour. Even if the model normally extracts relevant features, under such
failure conditions little useful information is obtained. However, if a good model is chosen,
and it can be reliably applied to the data, the high-level metiod should be more robust. By
de nition it should ignore all the (generally assumed) irrelevant information.

The rst method described uses Active Shape Models (ASM's) @ track the inner and
outer lip contour. These were rst formulated by Cootes [5054] and applied to lipreading
by Luettin [107,109]. Their application here extends that d Luettin with the addition of
a multi-resolution search and application to a more complextask. The second method is
a recent extension of ASM's by Cootes [49] that combines stitical shape and greylevel
appearance in a single uni ed Active Appearance Model (AAM)

5.1 Active Shape Model Lip Tracking

Active shape models are a high-level, model based, methodeftracting lip shape information
from image sequences. An active shape model (ASM) is a shapenstrained iterative tting
process. The shape constraint comes from the use of a staiistl shape model, also known
as a point distribution model (PDM), that is de ned from the s tatistics of hand labelled
training data. The PDM describes the space of valid lip shapg, in the sense of the training
data, and points in this reduced space are statistically comact representations of lip shape
that can be directly used for lipreading. Section 5.1.1 desibes how PDM's were built from
training data of both AVletters and Tulips databases.

In order to iteratively t a PDM to an example image, a cost function is required that
can be evaluated to determine the current goodness of t. In keping with Luettin [107] a
model of the concatenated gray level pro les of the normals foeach point of a shape model
is used. This model is formed in the same way as the PDM and celll a grey level pro le
distribution model (GLDM). Section 5.1.2 describes how thee can be built.

A downhill simplex minimisation is used to iteratively t a P DM and associated GLDM
to an example image (this method is also used by Luettin). Thé nds the local minima of
the cost function in terms of the pose and shape parameters (PM weights) of the current
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estimate of lip shape and position. Section 5.1.3 describahis process and Section 5.1.5
extends it using a coarse to ne multi-resolution image seah.

A narrowing of the search space can be achieved by building rdels independently for
each talker so the tracker is constrained over a smaller shaxspace. The shape parameters ob-
tained can then be transformed into the global shape space tallow multi-talker recognition.
Section 5.1.6 describes this further.

5.1.1 Point Distribution Model

A point distribution model (PDM) is a statistical model of sh ape calculated from a set of
training images in which landmark points have been locatedHere, landmark points must be
hand located but schemes to automate this process have beeonsidered [86]. Each example
shape model is represented by théx;y) coordinates of its landmark points, which must have
the same meaning in all training examples, i.e. all images la the landmark points labelled
in the same order on the same image features. The inner and artlip contour model used
is shown in Figure 5.1 and consists of 44x;y) points. The outer contour is made up of
24 points and the inner 20. The model used is arbitrary but shold be meaningful to the
operator that will label the training images so that landmark points can be reliably placed.

Figure 5.1: Inner and outer lip contour model de nition. Red crosses areprimary
landmark points, secondaries are green. The letter indicas the direction of a
normal calculated through that point.

The landmark points are split into two groups, primary points, shown in red in Figure 5.1,
and secondary points, shown in green. The primary points ar¢hose that the operator feels
can be reliably positioned in all training images. The secodary points are spaced equidistant
between between primary points to de ne the overall shape. Beause the outer contour is
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longer than the inner more secondary points are used, the epd used in the longer lower
contour.

It is imperative that points are consistently placed during training otherwise the statistical
shape analysis will identify labelling errors as sources afigni cant variance. To reduce this
problem spline interpolation is used to t a curve through the secondary points between
pairs of primaries, and the secondaries are repositioned emy along this curve. This is a
simple method of reducing the labelling error caused by notwvenly distributing the secondary
points something extremely hard for a human operator to do. During this smoothing process
no primary points are moved as by de nition these are points hat can be reliably positioned.

All model placing is done interactively using a GUI written in MATLAB and shown in
Figure 5.2. The lip shape model template shown in Figure 5.1siinitialised for each new
image. This puts all the points that must be placed on to the image. These can then be
dragged into the desired position with special care taken othe eight primary points. Spline
curve smoothing may be used to more evenly distribute the sendary points and all points
can be moved and smoothed again as necessary. The resulting (&;y) points are saved for
each training image.

Figure 5.2: Landmark point placing. The lip model de ned in Figure 5.1 is
initialised onto a new image and dragged into the correct pagon. An estimate
of the correct positions can be made using models calculateddom the previously
placed landmark points.

The extra information seen on the right cluster of Figure 5.2is a semi-automatic point
placing system. When several training examples have beengaled shape and greylevel models
can calculated and the iterative tting process that will be described in Section 5.1.3 can be
used to attempt to t the points to the image. These can then be hand edited from often
nearly accurate positions and this greatly speeds the traiimg process.

It is not always possible to correctly label the training images. The Tulips database often
has images where the lower lip contour extends out of the imagand in these cases landmark
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points were placed at the edge of the image. Some talkers in ¢hAVletters database, that

does not have so direct lighting, have extremely poor lowerip contours. In these cases
point placement is unavoidably somewhat subjective. Whergossible the primary points are

placed accurately in the corners and midpoints of the inner ad outer lip contours and the

secondaries evenly along the lip contours.

Given a set of labelled images the statistics describing sha variation can be calculated.
To consider only shape variation all landmark point models mist rst be aligned to the same
axes so pose variation (translation, rotation and scaling)n the training set is removed. The
following is identical to that described by Cooteset. al [54]. The ith shape model is,

Xi = (Xi1; iz Xi2; Yizi 2 Xin i Yin )| (5.1)

where N is 44 for the inner and outer lip contour model used here. Twoimilar point models
X1 and x, are aligned by minimising,

E=(x1 M(s;)ixa] t)TW(x1 M(s; )xz] t) (5.2)

where the pose transform for scales, rotation, , and translation (ty;ty) is,

. Xjk _ (scos )xjk  (ssin )y
M)y T (ssin dx + (scos ik 5:3)
t = (txnrtyss:ii bt s tyn) (5.4)

and W is a diagonal weight matrix for each point. The weights are chsen so that points

that have the most variance are weighted least and stable, W variance, points have greater

contribution. If Ry is the distance between pointk and | and Vg,, the variance of Ry, then

the kth weight is, |
woooot

Wi = VR, (5.5)
I=1

To align the set of training models an iterative algorithm is used. First all models are
translated, rotated and scaled to align with the rst model. The mean shape is calculated
and translated, rotated and scaled back toward the rst shape. All point models are realigned
to the transformed mean and the mean recalculated. This regs until there is no signi cant
change in the mean shape model. This is di erent from normasiing each individual model,
which would arti cially scale all examples to some xed value.

Given the set of M aligned shape models the mean shape can be calculated,

1 M
X=— Xi (5.6)
M
i=1
The axes that describe most variance about the mean shape che calculated using a principal
component analysis (PCA), Appendix A, on the aligned shape mdels. This identi es the
major axes of shape variation, or modes of variation. Any vatl shape, in the sense of the
training data, can be approximated by adding a reduced subde t, of these modes to the
mean shape,
X = X+ Pgbg (5.7)
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parameters can be calculated given an example set of points,
bs=Pl(x x) (5.8)

This allows valid lip shapes to be de ned in a compact statisically derived shape space.
The number of modes of variation is much less than the numberfdandmark points used
as the number of points is chosen to clearly de ne lip shape ahthey are highly correlated.
There are no PCA scaling problems such as the ones discussedSection 4.4 as all variables
are either x or y values in square image coordinate axes. The order of the PDM ichosen so
that the rst t eigenvalues of the covariance matrix describe 95% of the tak variance,

Xt

- .
%N 0:95 (5.9)

i=1
where ; is the ith largest eigenvalue of the covariance matrix,

_ 1 X - AT
S= M xi X)(xi X) (5.10)
i=1

The values of the shape parameter vectobg are constrained to lie within three standard
deviations of the mean for each coe cient,

P P
3 ¢« b 3 (5.11)

This allows lip shapes to be synthesised by choosing valuegp to plus or minus three standard
deviations for any of the shape coe cients. A MATLAB GUI that allows the operator to
move a slider to alter the value of the shape parameter for anynode of variation is shown in
Figure 5.3. This also displays preset "walks' around the sk space by moving each slider in
turn from one extent to the other.

The PDM calculated from 1,144 labelled training images of te AVletters database is
shown in Figure 5.4. All frames of the rst utterances of A, E, F, M and O for all ten talkers
were used as training data. Each mode is plotted at plus and mus two standard deviations
from the mean on the same axes. Seven modes of variation weejuired to capture 95% of
the variance.

The PDM calculated from 223 labelled training images of the Tilips database is shown
in Figure 5.5. The rst utterances of 1 and 3 for all twelve talkers formed the training set.
Each mode is again plotted at plus and minus two standard dewtions from the mean on
the same axes. Like the AVletters database PDM seven modes aériation were required to
capture 95% of the variance. This di ers from Luettin's [107] ASM implementation which
required ten modes to describe 84% of variation in 250 imagd®sand labelled with a 38 point
inner and outer lip contour model. The more compact model preented here is probably due
to the interactive spline smoothed placing of the secondarpoints. This was found to remove
much of the operator point placement error and so produce mutmore compact models.

Although in general no direct physical meaning can be attriluted to the eigenvectors
obtained using PCA, the rst two modes of both PDM's clearly describe the degree of vertical
and horizontal mouth opening. The third mode in both cases mdels the “smile' as the mouth
corners move and the remaining modes account for other posad talker variations and lip
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1 iy )

Figure 5.3: Point distribution model viewer. Valid lip shapes can be cheen by
selecting the shape parameter values between3 standard deviations using the
sliders.

mode 7

Figure 5.4: PDM for the AVletters database. Each mode is plotted at 2 about
the mean. The seven modes of variation describe 95% of the vance of the training
set of letters A, E, F, M and O for all ten talkers.
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mode 4 mode 5 mode 6

mode 7

Figure 5.5: PDM for the Tulips database. Each mode is plotted at 2 about the
mean. The seven modes of variation describe 95% of the variem of the training
set of digits 1 and 3 for all twelve talkers.
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shape asymmetry. It is reassuring that the number and e ect 6 the modes of variation are
essentially the same when trained independently on two digtict databases.

The PDM for the AVletters database appears rotated becausehe pose alignment is
initialised on the rst image, see Figure 3.2. The alignmentwas not forced to have zero
rotation.

5.1.2 Grey Level Pro le Distribution Model

To t a PDM to an image a cost function is required that can be ewaluated at each stage of
an iterative minimisation to determine the current goodnes of t. The iterative tting of a
PDM is an Active Shape Model (ASM). The original implementation [54] moved individual
points towards strong edges and then imposed the PDM shape wstraints until the model
converged. Alternatively the statistics of the greylevel po les at the normals of the model
points can be used [50] or a statistical model, analogous to BDM, can be calculated for
each pro le [52].

Following [81,107,109], the greylevel pro les are modelteby concatenating the pro le at
the normal of each model point into a single vector. This allavs the use of PCA to calculate
a single statistical model of the greylevel normals of the sipe model and so implicitly take
into account any correlation between the greylevels at di @ent points. Figure 5.6 plots eleven
pixel length normals about each model point. Care must be ta&n that normal vectors are
always calculated in the same direction: the cyan dots indiate this direction.

Figure 5.6: Collecting greylevel normal pro les. Cyan dots indicate namal di-
rection.

The concatenated greylevel pro les in this example form &4 11 = 484 length vector. In
the same way that PCA was used to calculate the PDM, a greyleuanormal pro le distribution
model (GLDM) can be calculated,

The order of the GLDM is chosen such thatt, modes describe 95% of the variance. The
resulting GLDM's have 71 modes for the AVletters database ad 59 modes for the smaller
Tulips database. As with the PDM the GLDM weights are constrained to lie within 3
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standard deviations of the mean.
The rst three modes of the GLDM for the AVletters database are shown in Figure 5.7 at
2 standard deviations about the mean. For easier viewing, thero les have been widened
and the image smoothed to give the appearance of a full greylel image, the GLDM only
models single pixel width normals at each point.

mode 1

mode 2

mode 3

mean

Figure 5.7: First three modes of the GLDM for the AVletters database. Eath
mode is plotted at 2 standard deviations about the mean.

As with the PDM, Equation (5.8), the model weights vector for a given concatenated
greylevel pro le vector can be calculated using,

bp=PJ(Xp Xp) (5.13)

5.1.3 Simplex Fitting

Cootes [54] models the greylevels for each individual landank point and calculates the
model update on a point-wise basis. The PDM shape constrainis applied after the new
pose is calculated from the point-wise suggested update. Amspler tting algorithm was
used by Luettin [107] who used the pose and shape parameters parameters for a downhill
simplex function minimisation. The simplex algorithm [146] does not require calculation
of the gradient of the error surface but may require many iteations to converge to a local
minimum.

The simplex is a geometric construct formed inN dimensions asN + 1 vertices with
interconnecting lines. For a 2D problem the simplex is a triagle, for 3D a square and
so on for higher dimensional problems. The simplex is initissed with N + 1 points that
represent the initial perturbations about the starting point. At each iteration a cost function
is evaluated for all points in the simplex and it is either; reected away from the highest
error point, re ected and expanded away from the high point, contracted in one dimension
toward the low point or contracted in all dimensions toward the low point. These operations
allow the algorithm to nd the local minimum by “oozing' over the high dimensional error
surface until the simplex has collapsed into a minimum, or a raximum number of iterations
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is reached. The simplex algorithms used were initially the tandard MATLAB fmins function
and later, for the speed increase obtained using compiled Gode, the Numerical Recipes in
C function amoebd158].

For iterative ASM tting a simplex is formed in a combined PDM pose and shape pa-

simplex at each iteration and ideally has a minimum only at the correct model shape and
position. The cost function used calculates sum of squaresrer of the GLDM and is a mea-

sure of how well the greylevel pro les about the current modgpoints match those seen in
the training set of hand located points.

The weight parametersb, can be calculated for an example concatenated pro le vector
Xp using Equation (5.13) to nd the best approximation to the current concatenated greylevel
pro le given the GLDM, %,
Rp = Xp+ Ppbp (5.14)

There is some error introduced due to the reduced, modes of the GLDM,
e = Xp Xp

= (Xp Xp) Ppbp (5.15)
The sum of squares error between the model and the pro leE 2, can calculated noting that,
el =(xp Xp)' bJPL, by =(xp Xp)TPp and PJP,= 1,

E2 = e'e

(xp Xp)T bEPL(Xp Xp) Ppbp)
(Xp Yp)T(xIO Xp)  (Xp Y,D)TPpbIO bng(xp Xp) + bngPpbIO
(Xp Xp)'(Xp Xp) bibp bybp+bjb,
(Xp Xp)T(Xp Xp) bpbp (5.16)

The t measure proposed by Cootes [52] is based on the Mahalobis distance [118] and

also considers error introduced by only using the tog, modes (the second term) by assuming
j =05 ¢, forj>ty,

J 2

F = X % + 2E

j=1 ] tp

(5.17)

Luettin [107] rejects this measure for its penalisation of alues far from the mean and argues
that for lipreading, the greylevel pro les vary greatly during speech and between talkers. He
proposes that the sum of squares error, Equation (5.16), issed as the cost function, with
the values ofb, clipped to lie within 3 standard deviations, accounting for 99% of greylevel
pro le variation.

Figure 5.8 shows the result of usinge 2 as the cost function for a simplex minimisation.
The t process was initialised using the mean shape in the cdre of the image with zero
rotation and unity scale. The simplex was initialised to peturb from this position by a
translation of ve pixels in both x and y directions, rotationally by 0:1 radians, with a 10%
scale increase and by0:5 of a standard deviation for each of the seven modes of variatn
of the PDM. The model is plotted in yellow for each of the 224 cst function evaluations
required for convergence. The nal tis shown in blue. Convegence is obtained when the
ratio of the cost function at the maximum and minimum points in the simplex is less than
0.01.
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Figure 5.8: Simplex t using E? as the cost function. The lip model is plotted in
yellow for each of the 224 cost function evaluations, the na t is in blue.

Only the shape parameters of the simplex minimised pose anchape vector are used as
lipreading features. The pose is unlikely to be useful in theontext of either of the databases
considered and is simply part of the tracking process. Figu 5.9 plots the directions in each
of the seven modes of variation of the PDM for the tracking reslts on the D-G-M sequence.

5.1.4 Per Talker Greylevel Modelling

The large variation between the appearance of the talkers itboth AVletters, Figure 3.2 and
Tulips databases, Figure 3.4, means the GLDM's trained oveeither entire database have a
great many modes. The cost function, Equation (5.16), evalated in such a high dimensional
space is unlikely to have a clear minimum and the simplex seehn will be unable to nd the
correct pose and shape of the talkers lips.

One solution is to build separate GLDM's for each talker. These have to model only the
variance during speech of a single talker and are much more mpact. A set of GLDM's are
built, one for each talker, k,

k — ok ki k
Xp = Xp+ Ppby (5.18)

When tting to an image the correct GLDM is chosen for the talker, which requires a priori
knowledge of the identity of the talker. In practice it might be possible to automatically
select a GLDM by evaluating several and nding which has the dwest cost function. For
all experiments using thesdocal GLDM's the identity of the talker was known. The whole
database GLDM is referred to as theglobal GLDM.

5.1.5 Multi-resolution Simplex Fitting

The use of a coarse to ne multi-resolution image pyramid to inprove the performance of
ASM's was demonstrated by Cootes [55] for point-wise tting The image is Gaussian Itered
and subsampled by two at each stage of the pyramid to form smir versions of the original
image, this is illustrated in Figure 5.10.

For each stage of the pyramid a new model must be built to learrthe greylevel pro les
about the model points. This is because length of the pro lesis usually kept the same
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Example sequence "D-G-M'

ASM shape parameters
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Figure 5.9: Simplex ASM tracked sequence. The shape parameters, the ditions
in each of the seven modes of the PDM, are plotted for the seqoee of isolated
letters, "D-G-M'". Top row shows example images, bottom rows the aligned audio

waveform.

Figure 5.10: Multi-resolution Gaussian pyramid of a mouth image.
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throughout but, as the image is half the size at each stage, # pro les extend twice as far
each time and must model di erent image features.

For multi-resolution tting each image is subsampled to form a pyramid. Because the
mouth images of the AVletters and Tulips databases are smallsually only two resolutions are
used the original and the half sized image. The search begirs in the most coarse resolution
image by scaling the mean model by the correct amount (by halfor a two stage pyramid)
and selecting the GLDM calculated at that resolution. Simplex minimisation is used to nd
the local minimum and when converged the nal tis scaled up to the next level. The next
level GLDM is selected and the new simplex is run to converge® and so on. This extends
the single resolution simplex tting of Luettin [107] using the multi-resolution approach of
Cootes [55]. To achieve this a set of GLDM's, one for each restion, r, of the search is
required,

Xp, = Xp, + Pp bp, (5.19)

Multi-resolution tting allows much greater tolerance in t he initial parameters. For ex-
ample, at a coarse resolution, a displacement of ve pixelssimuch more signi cant than at
ne resolution. The GLDM's are more complex in the coarse reslution images because the
same pro le length covers more image features, there are 81ades for AVletters and 61 for
the Tulips coarse resolution GLDM's. The net e ect is that a better t can be obtained
with less exact starting values over a wider range of imagesThe penalty is more minimi-
sation iterations and the time taken to form the multi-resolution pyramid for each image.
Figure 5.11 plots the multi-resolution tting of the same image as Figure 5.8 with the same
initial parameters. The coarse resolution cost function ealuations are plotted unscaled on
the ne resolution image. There are fewer evaluations at thene resolution as a rough t
had already been obtained at the coarse resolution, but in tial there are 492 cost function
evaluations versus 224 for the single scale search. The nalis plotted in blue.

Figure 5.11: Multi-resolution simplex t using E? as the cost function. The lip
model is plotted in yellow for each of a total of 492 cost fundbn evaluations at
both coarse and ne resolutions on the same axes. The nal t & in blue.

The shape parameters obtained using multi-resolution tting on the D-G-M sequence
are shown in Figure 5.12. These are plotted on the same scals the single resolution t
parameters shown in Figure 5.9. By nding a rough t a the coarse resolution a better t
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can be obtained at the ne resolution. This can be seen as thdightly better de ned parts of
the sequence during speech. The largest shape parameter dgions from the mean for the
single resolution search of this sequence werel:96 and 1:66 which increased to 2:10 and
2:17 using the multi-resolution search.

Example sequence 'D-G-M'

ASM shape parameters (multiscale fitting)

Mode
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Figure 5.12: Multi-resolution simplex ASM tracked sequence. The shape gram-
eters, the directions in each of the seven modes of the PDM, arplotted for the
sequence of isolated letters, "D-G-M'". Top row shows examglimages, bottom row
is the aligned audio waveform.

Local, multi-resolution, GLDM's can further improve the quality of t by modelling the
greylevel pro les for each individual talker at each resoltion. There are then a set of GLDM's
for each talker, k, and resolution, r,

k — « k Kk
Xpr - XPr + Pprbpr (520)

The following four Figures show some example well- and pogH tted sequences from
both the AVletters and Tulips databases. All tracking results were obtained using a dual
resolution search with a local GLDM. Figure 5.13 shows a goodxample "A' from AVletters
and demonstrates the ASM's ability to cope with talkers with moustaches. Figure 5.14 show
a poorly tted AVletters sequence for a di erent talker saying the letter "M'. This shows the
most common cause of failure a mouth corner point has been Ist. Without the corner point
to clearly de ne the horizontal extent of the lip model it ten ds to collapse toward the other
corner. Unless the simplex is set up to perturb over a large @ugh scale and translation the
local minima will not include the correct position. By searching over a greater space, multi-
resolution tracking reduces this problem. When interactirg with a real-time implementation
of the single resolution ASM tracker (Section 9.2) this failire is common and often requires
manual reinitialisation of the model. Figure 5.15 shows a god example from the Tulips
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database for the digit “3' and Figure 5.16 a bad example, alsof the digit “3', for a di erent
talker. In this example the inner contour remains attached b the strong edge de ned by the
upper teeth. This is such a strong feature that the local minmum of the cost function does
not require the lower contour to follow the lower lip.

Figure 5.13: Well tracked example from the AVletters database for the leter
"A'. Moustaches are not a problem when using learned greyleVpro le distribution
models.

5.1.6 Per Talker Shape Modelling

The active shape model search described in the previous si&xts ts a PDM to an image by

This search can be simpli ed by reducing the dimensionalityof the space, i.e. reducing, the
number of modes of variation of the PDM. However, this would esult in poorer t as the
shape model would represent less of the variance seen in theining set. The number of
modes can be reduced without sacri cing variability if a newPDM is built for each talker.
By removing the inter-talker variation the per-talker models are, in all cases but one, smaller
than the global PDM. There are now a set of PDM's, one for eachdilker, k, in the database,

xK = XX+ pXbK (5.21)
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Figure 5.14: Poorly tracked example from the AVletters database for the étter
"M'. The most common tracking failure occurs when a mouth camer point is lost.

Figure 5.17 shows the PDM modes at 2 standard deviations about the mean for each
talker of the AVletters database plotted on the same scale as. There are clearly large
scale and mean shape di erences between talkers. In most e&ssthe per-talker PDM has
signi cantly fewer modes than the seven of the whole databas Only talkers two and seven
have more than three modes. These are the two talkers with mataches and this may be
due in part to the di culty that poses when hand placing the la ndmark points. Figure 5.18
shows the modes for each talker of the Tulips database and the is clearly less scale and
mean shape variation between talkers than seen in the AVletrs database. Talker nine has
the maximum of four modes.

The t parameters obtained by running an ASM with a local PDM cannot be related to
the parameters obtained by tting on any other talker. For multi-talker speech recognition
(trained and tested using examples from all talkers) to aval training a separate hidden
Markov model for each talker (which would be dicult either o f the small databases) the
t parameters must be mapped into a talker independent shapespace. This is possible by
transforming the t parameters through the 88 point image coordinate space and into talker
independent shape space using the talker independent, glabPDM. First the translation,
rotation and scaling pose di erences between the mean shapef the talker dependent and
talker independent models must be removed. This aligns the ean 88 landmark points of both
models as closely as possible, the remaining di erence is stxibed by the shape parameters
in talker independent shape space, using Equation (5.8), # t parameters required.
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Figure 5.16: Poorly tracked example from the Tulips database for the digi "3'.
The inner contour becomes attached to the strong edge de neybthe upper teeth.

5.2 Active Appearance Model Lip Tracking

This section is the result of collaborative work with Dr Tim otes at the Wolfson Image
Analysis Unit, University of Manchester. Figures 5.19 and 520 are reproduced from [131].

An active appearance model (AAM) models both shape and greglel appearance in a
single statistical model and is due to Cootes [49], who alsoedcribes a fast iterative tting
technique. In the lipreading context it combines the greyleel analysis approaches of [23, 32,
34,63,84,104,142,178,195] with the shape analysis of [8,%38,91,93,161,168,176,190,191,197].

There are some examples of using both greylevels and shape.uettin [107, 109, 114]
used the GLDM t parameters as well as the PDM shape parametes from an ASM t, and
Bregler [23 28] used nonlinearly shape-constrained snakés nd the lips for an eigen analysis.
However, neither combine greylevel and shape in aingle statistically learned model. An
active appearance model is an extension of both of these teatlques, it uni es eigen analysis
of the greylevels and ASM lip tracking.

The active appearance model is trained from the same set of ddmark point labelled
images of the AVletters databases that were used for the PDMni Section 5.1.1. The shape
part of an AAM is exactly that PDM,

X = X+ Psbs (5.22)

whereX is the mean shapePs is the matrix of ts orthogonal modes of variation andbs the
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Per talker PDM's for the AVletters database. Talkers two and

seven have moustaches. The extra modes for them may be due toighabelling
the landmark points which are much harder to place when the [ contours are

obscured.
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Figure 5.18: Per talker PDM's for the Tulips database. There are much lesscale
and mean shape di erences than are seen in the AVletters datmse.
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vector of tg shape parameters.

A greylevel appearance model is built by warping each traimig image so the landmark
points lie on the mean shapeX, normalising each image for shape. The greylevel values,
Oraw are sampled within the landmark points of this shape normaked image. These are
normalised over the training set for lighting variation using an iterative approach to nd the
best scaling, and oset, ,

9 = (Graw 1)= (5.23)

where and are chosen to best match the normalised mean greylevel appeace,g. The
mean appearance is scaled and o set for zero mean and unity kance so the values of and
are calculated using,

= Oraw @ (5.24)
= (Graw 1)=n (5.25)

where n is the number of elements in the greylevel appearance vectg. As when aligning
the shape models of the PDM a stable normalised appearance uhel is obtained by aligning
to the rst model, re-estimating the mean, transforming and re-iterating.

The greylevel appearance model is calculated using PCA on ¢hnormalised greylevel data
to identify the major modes of variation about the mean,

g=0+ Pgbyg (5.26)

where P4 is the set ofty orthogonal modes of variation of the greylevel appearancena by a
vector of ty weights.

This extends the greylevel pro le modelling described in Setion 5.1.2 to model the entire
greylevel appearance within the landmark points rather than just pro les taken at the normal
of each point. Itis a principal component analysis of the shpe and greylevel normalised pixel
intensities within the shape de ned by the landmark points o the hand labelled training
images.

The AAM is built by applying a further PCA to identify the corr elation between the
shape parametersbs and greylevel appearance parameterby. A concatenated shape and
greylevel appearance vector is formed for each example,

Wsbs _  WsPI(x x)
bg P-gr(g [¢)]
where W is a diagonal weight matrix for each shape parameter choserotnormalise the
di erence in units between the shape and greylevel appearae parameters and remove PCA

scaling problems [49].
This gives a combined shape and greylevel appearance model,

b= (5.27)

b= Qc (5.28)

where Q is the matrix of t; eigenvectors andc the vector of t; appearanceparameters. Since
the shape and greylevel appearance parameters have zero meweights, c is also zero mean.

Since the model is linear, shape and appearance can be exmed independently in terms
of c,

X+ PsW sQsC (5.29)
g+ PyQqc (5.30)
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where,
- (5.31)

Figure 5.19 shows the rst three modes at 2 standard deviations about the mean of the
combined appearance model trained on the AVletters databas The full model has 37 modes
of variation.

Figure 5.19: Combined shape and greylevel appearance model. First thremodes
of variation of at 2 standard deviations about the mean.

To t an appearance model to an image, the Active Appearance Mdel algorithm [49]
is used to nd the best pose and appearance parameters. Theting process minimises the
di erence between the example image and that synthesised bthe current model parame-
ters. If the normalised greylevel appearance parameters dfie image areg; and the model
synthesised values, from Equation (5.30)gm, the di erence is,

g=0i Onm (5.32)

The AAM algorithm simpli es this high dimensional optimisa tion problem by learning
in advance how to update the model parameters given the curré di erence image. Over
a limited range of displacements, a linear model can accuraly predict the correct model
update from the di erence image. The update model,R, is calculated from the statistics
obtained by systematically displacing the the model pose ahappearance parameters in the
training images. To iteratively t an AAM to an image the mode | parameters are updated
at each iteration using the update model,

c7'c Ryg (5.33)

until no signi cant change occurs. A similar procedure is ugd for the pose parameters. The
accurate prediction range of the linear update model can bentreased by using a multi-
resolution tting approach, similar to that discussed in Section 5.1.5

Example iterations from a t are shown in Figure 5.20. The mocel is initialised in the
centre of images with the mean appearance parameters at theoarse resolution. After 15
iterations the model has converged at the ne scale; this tok less than one second on a
166MHz Pentium. The converged appearance parameters form73dimensional lipreading
feature vectors.

Results using AAM's to track and identify faces in image seqances using temporal
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example image initial model
after 4 iterations after 15 iterations

Figure 5.20: Example of AAM search. The model is initialised in the centreof the
image at coarse scale. Convergence using the AAM algorithmook 15 iterations.



5.2. ACTIVE APPEARANCE MODEL LIP TRACKING 79

Kalman lItering are given in Edwards [65]. The lipreading parameters obtained by Cootes [131]
on the AVletters database used no Kalman lItering. The modelwas initialised at the centre
of each image frame in turn with the mean appearance.
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Chapter 6

Hidden Markov Model Recognition

A signi cant point in speech recognition research was the itroduction of stochastic modelling
of the speech signal. Early speech recognition systems usadpattern matching approach
where unknown parameterised speech utterances were clasdi by comparison with a set
of templates trained for each word in the vocabulary. Dierences in time-scale between
templates were accommodated by a linear stretching or compssing of the time axis. A major
problem with this approach is that variation in speaking rate, even by the same talker, can
cause classi cation error even if the speech parameters theselves are robust. This temporal
variation between a given utterance and the template can be ectively reduced using dynamic
programming, or dynamic time warping (DTW), to nd the “best t' alignment. Another
problem is in the choice of the reference templates which musespect the natural variation
in speech within and between talkers yet also be descriptivenough to discriminate e ectively
between the di erent words of the vocabulary. For any realigic task, the training data is
unlikely to cluster into non-overlapping areas from which ¢early distinct templates can be
drawn. One solution to this is to use multiple templates for ech speech unit.

A more successful and uni ed approach is the modelling of bdt the speech parameters
and the temporal sequence in a statistical framework such ashidden Markov model (HMM).
A HMM models a speech event as a stochastic nite state machmthat may only be observed
through another stochastic process. This allows both tempml and speech variability in a
single parametric model.

Alternative approaches for speech recognition such as limgstic knowledge based or ar-
ti cial intelligence methods are not considered here as thg have not shown performance to
match the statistical methods and are not easily applied to ther tasks, such as visual or
audio-visual speech recognition.

This chapter is a brief overview of the theory of HMM's which i covered more fully
elsewhere [57,103,140,159,160,194]. There are two stapbuilding a hidden Markov model
classi er; rst the model parameters are estimated from training utterances (training) and
then these parameters are used to nd the most likely model tchave produced an example
utterance (recognition). The second, recognition, stagesi presented rst to introduce the
concepts and terminology.

All of the recognition experiments in this thesis were perfaned using hidden Markov
models to model the feature vector sequences of both acoustand visual speech.

6.1 Hidden Markov Models

The rst assumption when using hidden Markov models is that when windowed over a short
time period the speech signal is statistically stationary,so that speech can be modelled as a
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sequence of discrete feature vectors, or observations, dexd from each (equally spaced) win-
dow. This assumes the window width can both be short enough #t the speech articulators
do not signi cantly change in that time yet long enough that t he features extract relevant
speech information. As speech is a continuous process thsonly an approximation. Speech
is modelled as a sequence of discrete observatior,, made at each windowing time point,
or frame, t.

O=01,0y::::07 (6.1)

The second assumption is that the observation sequence carebmodelled by a doubly
stochastic nite state machine. At any time step the model isin a state, s, and will output
an observation,O. At the next time step the model may change state and will output an new
observation. This process is governed by the model topologghosen and the probabilities
separately associated with changing state and outputting ajiven observation. The resulting
observation sequence cannot be unambiguously mapped to aroesponding state sequence,
hence the term “hidden'. The state at timet depends only on the state at timet 1 and the
associated probability of changing state, the Markov propgy. An example HMM is shown
in Figure 6.1.

2

4 a3

a -~~~ a
13 a14 24

Figure 6.1: Example left to right hidden Markov model with skip transiti ons.

This example is a left to right model, i.e. all transitions are either to the same state or to
the right. The transition probabilities, a;, are usually written for a model with N states as

anN N matrix A. 2 3
ail a2 il AN
a1 adz2 il AN
A:[aij]=§ S z (6.2)
ani an2 i anN

The value of a; is the probability of making the transition to state j from state i at the next
time step. In general HMM state transitions can occur from aiy state to any other but left to
right topologies are always used in speech recognition to ndel the temporal order of speech
sounds (which cannot go back in time). For a left to right mode A is upper triangular. There
must always be a transition from each state so each row must suto a probability of one,

X
aj =1; 8i (6.3)

For a discrete HMM, also associated with each stat¢ is a probability, by, of outputting
one of the k symbols of a discrete alphabet oM possible symbols,vi;vz;:::;vm . This is
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represented by theN M matrix B.

bir b i bim

2
B:[hk]:g bfl bfz bZ_M (6.4)

bni bvz iif bum
At each time step there must be an output symbol so each row oB must also sum to a
probability of one, X
bk =1; 8j (6.5)
k
For a continuous HMM the discrete probabilities by, are replaced with a continuous prob-
ability density function: this will be covered in Section 64.
Aninitial 1 N vector, =] 1, 2;:::; n], de nes the initial state probabilities for time
t = 0; after t = 0, these are de ned by the state transition matrix, A. A common value for

is 1 =1 and all other values are zero. AnN -state discrete HMM with an alphabet of
M -symbols is then fully de ned by the parameter set,M =[ ; A;B].

6.2 Recognition

For isolated word recognition the task is to compute the mostikely class, k, given an unknown

k = argmax fP(w; j O)g (6.6)
i=1;2;::5W

Using Bayes rule this can be rewritten as:

P(Ojw)P(w)
P(O)

P(wi jO)= (6.7)

AsP(O) = P }"z’l P (O j wj)P(w;) this term is a scaling factor that is constant over all words
and may be ignored. The prior probabilities P (w;) are de ned by a language model for
a given application. If all words are considered to be equall likely this term will also be

constant. Hence Equation (6.6) becomes,

k=argmaxfP(O jw)g (6.8)
i=1;2;::5W

Assuming that a hidden Markov model can accurately model theobservation sequences for

then it is only necessary to calculate,

k=argmaxfP(OjM;)g (6.9)
i=1;2;:5W

Equation (6.9) cannot be computed by simply considering alpossible state sequences that
could have produced the observation sequence. In generalete could beN T sequences for
an N -state model givenT -observation frames which quickly becomes unrealisticalllarge. To
reduce the computation a recursive algorithm such as th&aum-Welch algorithm or Viterbi
algorithm can be used.
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6.2.1 Baum-Welch Recognition

The Baum-Welch algorithm calculates the forward probabilities, (j), which are the joint

sj at time, t.
t(j) = P(01;02;:::;0; sj@ j M) (6.10)

The forward probability at the next time step depends only on the previous forward
probability and the associated probabilities of changing tate and emitting the next seen
observation. This allows the forward probabilities to be céculated recursively,

")U ”
1() = t(Haj B(Ot+1) t=1;2::0T 1 (6.11)

i=1
given the initial values,
1) = ()b (O1) (6.12)

The probability of emitting the sequence of T frames, O, and ending in statej is 1(j)
so the total Baum-Welch probability for a given model is foundby summing over all states,

X
P(OjM)= PBW = () (6.13)
j=1

6.2.2 Viterbi Recognition

If the most likely state sequence is required, as well as thegbability that the model produced
the observation sequence, then the summation of Equation (1) can be replaced with the
maximum operator. The result is a dynamic programming, or bet path search, otherwise
known as the Viterbi algorithm?.

The highest probability at each time step can be calculated ecursively similarly to the
forward probabilities in Equation (6.11),

()= max [(0ajlh(Om)  t=1;2::T 1 (6.14)

with initial values,

1) = ()8 (01) (6.15)

Similarly with Equation (6.13) the probability of emitting the T-frames sequenc® and
ending in state ] is 1(j) and the total Viterbi probability for a given model is found by
maximising over all states,

POjM)=PY= max [1() (6.16)

To recover the most likely state sequence, the state at tim¢ 1 that maximised Equa-
tion (6.14) is recorded at each timet and statej,

t+1(J) = argmax [ ¢(i)ay] t=1;2,:::;T 1 (6.17)
i=1;2;::N

The most likely state sequence is recovered by back trackinfjom the most likely nal state

1The “optimal' state sequence can be obtained for the Baum-Welch algorithm [159] but does not consider
the probability of occurrence of the state sequence and may not be valid in terms of the model topology.
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at time T that maximised Equation (6.16),

7(j) = argmax [ ()] (6.18)
i=1;2;::5N
which gives the most likely state,k, for time T 1. From 1 1(k) the most likely state at
T 2is obtained and so on until the most likely state att = 1 is recovered and the most
likely path is obtained.

6.3 Training

The training problem is: given a model,M =1 ; A;B], what are the optimal parameters
to represent the training data? This cannot be solved diredy [159] but P(O j M) can
be maximised using iterative methods. The method most ofterused is the Baum-Welch
(forward-backward) algorithm.

Similar to the forward probabilities, ((j), de ned in Equation (6.10) the backward
probabilities, (i), are the joint probabilities of emitting the partial observation sequence,

t(i) = P(Ot+1;0t42;:::; 07 jsi@; M) (6.19)

Like the forward probabilities the backward probabilities can also be calculated recur-
sively, but backwards from time T, dependent only the previous 's, the state transition
matrix and associated output probabilities,

X
(i) = aij 3 (O+1) t+1() t=T LT 2:::;1 (6.20)
j=1

with the initialisation 1(i) =1 8i.

The forward probabilities are the joint probabilities of emitting the partial observation up
to time t and being in statej . The backward probabilities are the conditional probabilities of
being in statej at t and continuing to emit the rest of the observation sequencefigure 6.2.
The forward and backward probabilities are de ned this way that so the probability of being

t-1 t t+1 t+2

Figure 6.2: lllustration of the forward and backward probabilities. The 's are
the probability of the partial sequence tot, the 's the partial sequence fromt +1.
Due to [159]

in state j at time t can be calculated for a given observation sequence,

t(d) «(d)= P(O; sj@jM) (6.21)
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These probabilities are needed for the iterative Baum-Welchie-estimation formula. Given
an estimate of the model parameters,M and a training observation sequenceQO, these
formulae calculate new model parametersy 0 that have been shown to converge to the local
maxima of P(O j M) [12].

P (transition from s;j to s; j O; M)

0 =
%j P (transition from s; to any state j O; M) (6.22)
0 P (emitting symbol k from s; j O; M)
B = — . (6.23)
P (emitting any symbol from s; j O; M)
9 = P(observation sequence begins ig j O;M) (6.24)
M? = [ ©A%BQ (6.25)

To calculate these Rabiner [159] introduces two new varialkk. The probability of being
in state i at time t given the observation sequenc® and modelM ,

t(i)

P(ssi@jO; M)

P(O; si@; M)
P(O; M)

P(O; si@jM)P(M)
P(OjM)P(M)

P(O; si@jM)
P(OjM)

(6.26)

using Equation (6.21) this becomes,

t() (i)

= poim)

(6.27)

To calculate the numerator of Equation (6.22) the probability of being in state i at time
t and statej at t + 1 must also be determined,

t(i])

P(si@; sj@+1j0O;M)

P(si@; sj@+1; O;M)
P(O;M)

P(si@; sj@+1; OjM)P(M)
P(OjM)P(M)

P(si@; sj@+1; OjM)
P(OjM)

(6.28)

using the forward probabilities to state i at time t, Equation (6.10), and the backward
probabilities from state j at t + 1, Equation (6.19), and accounting for the transition from i
to j (see Figure 6.2) this becomes,

(1)@ B (Op+1) t+1 ()
P(OjM)

t(i;)) = (6.29)

The probability of transition from state i to j is then the sum of (i;j ) over all time
frames and the probability of being in statei the sum of (i) over all time so Equation (6.22)
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becomes,
j( 1
t(i;])
ai? = t;(l 1
10
t=1
X1 (i)ay b (Ow1) ()
— t=1 P(O J M ) (6 30)
XL 0) (i) '
, POM)

The probability of emitting symbol k from state j is the sum of the probability of being
in state j over all times that symbol k was seen. The probability of emitting any symbol
from j is the probability of being in state j so Equation (6.23) can be written,

X .
t(i)
0 _ t30t= vk
t]k X .
t(J)
t=1

X)) «G)

_ t3ot:ka(OjM) (6.31)
X)) +G)
o, POO]M)

Finally, the probability of starting in state i is the probability of being in state i at time
t = 1, giving the initial state probability vector update,

= ()

1()) (i)
P(OjM)

(6.32)

The Baum-Welch re-estimation formulae iteratively estimate a new modeM %whereP (O j
M9 P(OjM). This process is continued until it converges and there is nehange in the
model likelihood or a maximum number of iterations is reache.

6.4 Continuous Density Functions

A discrete HMM can only emit one of the nite alphabet of M symbols. Observation vectors
must therefore be quantised to one of these symbols so intrading extra noise and error. If
the alphabet is made very large then there are a large numberf@robabilities to estimate
during training. An alternative is to represent the continuous distribution of observation
vectors using a parametric model such as a multivariate Gawsan. The B matrix is then
replaced by these parameters.

It has been shown that an arbitrary probability density function (pdf) can be approxi-
mated using a weighted sum (a mixture) of multivariate Gaus$n pdf's. The emission prob-
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ability can be modelled approximately, depending on the nurher of mixture components,
using,
X
b(O) = Cm N (Ot; jm; jm) ] =1;2;::;N (6.33)
m=1
where X is the number of mixture components,c, is the weight of componentm in state

j and N (O¢; jm; jm) is the probability of the vector O; from the multivariate Gaussian
distribution with the dimensionality of O¢, mean vector j, and covariance matrix jm,

1

1 0 1
AN Lo ) 1o )
N(O;; )= Py e (6.34)

6.4.1 Continuous Baum-Welch Training

The recognition process is una ected by the change to contimous distributions but training
must now estimate the parameters of the pdf rather than discete probabilities.

For a single state, single component HMM, the maximum likelhood estimates for ; and
j would be the averages,

1 X

P o= = O (6.35)
t=1
1 X

p= = (O O ) (6.36)
thl

To extend this to multiple states where observations cannote assigned to any given state,
the average is replaced by the probability of being in statg at time t, (j),

XT
t(i) O
) = 7“)% (6.37)
(i)
t=1
()0t (O )°
v = 7 (6.38)
e(i)
t=1

For multiple components (j), Equation (6.27), is extended to {(j;k) the probability of
being in statej at t with the k'th mixture component accounting for O,
2 3

i) ()8 okN(O: jk; k) (6.39)

t(Jik) = PO]M) 8 X

ijN(Ot; im jm)

m=1
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and the nal parameter re-estimation formulae can be written,

% .
t(J; k) Ot
j0k - t=X1T (6.40)
t(J; k)
t=1
XT
(k)OO )OO ik)°
6 = = (6.41)
J X

t(J; k)
t=1
The component weights are re-estimated by calculating theatio of the probability of being
in state j for the kth mixture component and the probability of being in state j,

Xt
t(; k)
= —><Tt=;¢< _ (6.42)
t(: k)

t=1 k=1

6.5 Application

Unless otherwise stated, all of the HMM recognition experirents presented in this thesis were
implemented using the Hidden Markov Model Toolkit, HTK version 2.1 from Entropic [194].

Only continuous density HMM's were used, and because of thensall size of both of the
audio-visual databases used, Chapter 3, it was di cult to re-estimate model parameters for
too complex HMM's. For this reason all HMM's were left to right with no skip transitions
and used only diagonal covariance Gaussian mixture componts (modes).

Model prototypes were initialised using a maximum of 20 iteations of the Viterbi algo-
rithm to segment the training utterances and estimate modeparameters. These initial model
parameters were then re ned using up to 40 iterations of BaumA/elch re-estimation.

All modelling was at the word-level and all data was hand lab#ed. For the visual speech
features the labels were the name of the utterances, e.g. “Ar “3'. The audio of the AVletters
database was further segmented into periods of silence, @tance, silence to allow for the quiet
periods before and after lip movement. For audio recognitio an additional silence model was
trained on these parts of the utterances and the recognitiogrammar was extended to allow
an optional silence before and after the speech. HTK allows farther embedded re-estimation
phase where composite models are re-estimated over utter@amsequences. As only word-level
models were used, and both databases were segmented into d®ythis was not required.

For most experiments the number of states and number of Gauign modes per state were
varied to nd the best recognition performance.
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Chapter 7

Visual Speech Recognition

This chapter describes visual speech recognition experimis using the low- and high-level
analysis methods described in Chapters 4 and 5. The resultsge obtained using only the
visual parts of either the AVletters or Tulips databases. Inegrated audio-visual recognition
will be discussed in the next chapter.

The rst section covers the experiments and results obtaind using the low-level one and
two dimensional sieve-based multiscale spatial analysi${SA). Initial experiments found that
the area based features do not to perform as well as verticathgth scale-histograms. A more
detailed experiment to try and determine the best analysis prameters for scale-histograms
across both databases is then described.

These results are compared to those obtained using the higbvel active shape model
(ASM) lip tracker for both databases. Initial experiments used only the single resolution
tracker. These were extended to include results from the mtitresolution tracker, and per-
talker shape modelling multi-resolution tracker, only for the larger AVletters database.

Finally the results obtained using the active appearance mdel (AAM) tracker are de-
scribed for the AVletters database only.

7.1 Methods

As described in Section 6.5, all of the recognition results gre obtained using left to right,
continuous density HMM's with one or more diagonal covariace matrix Gaussian modes
associated with each state.

In all cases the recognition task is word-level and multi-téker, i.e. trained and tested using
examples from all talkers. Models are trained for all words létters or digits) in the database
using examples from all of the talkers. For the AVletters dafbase the training set is the rst
two utterances of each of the letters from all talkers (520 ukerances) and the test set is the
third utterance from all talkers (260 utterances). For the Tulips database the training set is
the rst utterance of each digit (48 utterances), and the ted set the second (48 utterances).

In many cases the HMM parameters were systematically varietb nd the model topology
that gives best recognition accuracy. Only the number of sties and number of Gaussian
modes per state were changed.

The e ect of interpolating the data in time by a factor two was also investigated. This
was rst used to resample the visual features to the same ratas the audio (from 40ms to
20ms) for an early integration experiment, see next Chapter However, this was found to
have bene cial e ect even for the visual-only recognition task. This is probably due to the
small size of the database. Interpolation creates more dataon which the models can be
better trained.
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Delta features (di erences between features) have been fad by many researchers to be
bene cial and are commonly used in acoustic speech recogmih. These were also investi-
gated, but found to give poor performance on all visual spetcfeatures. A key to the di erent
feature vector types used in given in Table 7.1.

Vector Type Meaning
N normal
ND normal + deltas
I interpolated
ID interpolated + deltas
D deltas
DI interpolated deltas

Table 7.1: Results tables key.

All tabulated recognition results are given in percent corect for the word-level task. The
recognition grammar forced the classi cation of only a sindg letter for the AVletters database
or single digit for the Tulips database. Unless stated othewise all results were obtained using
HTK version 2.1.

7.2 Multiscale Spatial Analysis Results

This section covers all of the low-level multiscale spatiahnalysis methods described in Chap-
ter 4. The 2D area-sieve based analysis is described rst, &n the more successful 1D
length-sieve based. All results were obtained for the AVlders database. Only the nal
scale-histogram results were also obtained for the Tulips atabase.

7.2.1 Area Tracking

Table 7.2 shows the recognition accuracies obtained usingpe simple area tracking described
in Section 4.4.1 on the AVletters database. These results we obtained using ve state
HMM's with a single Gaussian mode associated with each stateUnlike later results these
were obtained using HTK version 1.4. Because it was impossiblo re-estimate variances using
the Baum-Welch algorithm on this data, xed variance HMM's were used. The variance was
calculated directly from the training data. During trainin g only the means and transition
probabilities were updated.

As the recognition performance was so low these results ardsa shown using models
trained and tested on individual talkers. These results aremostly not much above chance
(1=26 = 3:9%) and indicate that this method does not extract useful featrres.

7.2.2 Height and Width Tracking

Table 7.3 shows the recognition accuracies obtained usindné height and width tracker de-
scribed in Section 4.4.2. These results were also obtaineging ve state HMM's with a single
Gaussian mode associated with each state, using HTK versioh4. It was also impossible to
re-estimate variances using the Baum-Welch algorithm on tts data, so xed variance HMM's
were used.

These results are also generally poor, but the per-talker ndelled results show that it
was much more successful for some talkers. No vector type cae clearly identi ed as better
than any other.
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Talker | N ND I ID D DI
1 7.7 115 39 | 7.7 | 7.7 | 1.7
2 39| 39 |115| 7.7 | 39| 39
3 269|115| 7.7 | 7.7 | 39 | 115
4 7.7 1 154| 115|154 19.2| 7.7
5 1921 231|154 231 39 | 0.0
6 11.5| 115|115 7.7 | 154 | 7.7
7 7.7 | 115 7.7 | 7.7 | 39| 39
8 26.9|23.1| 154 23.1| 23.1| 19.2
9 115 39| 77| 7.7 | 00 | 3.9
10 115 77| 7.7 | 39| 7.7 | 7.7
All 69| 85|89 | 77| 77| 85

Table 7.2: Per-talker results for area-tracking. Five state, single node, xed
variance HMM. Recognition accuracy in %.

Talker | N ND I ID D DI
1 154|154 7.7 | 39 | 7.7 | 7.7
2 115 77| 77 | 39| 39 | 3.9
3 19.2|111.5|115|115| 7.7 | 115
4 42.3 | 42.3| 42.3| 42.3| 30.8| 19.2
5 1541 231|154 |231| 39 | 3.9
6 19.2| 154|154 | 154 | 154 7.7
7 154|154 7.7 | 11.5| 11.5| 154
8 23.1| 34.6| 26.9| 30.8| 154 | 115
9 77| 39| 77 |115] 0.0 | 0.0
10 39|77 |77 | 77| 77| 39
All 89 | 73| 58| 73| 73| 96

Table 7.3: Per-talker results for height and width tracking. Five state, single
mode, xed variance HMM. Recognition accuracy in %.
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7.2.3 Area Histogram

The results obtained using the area-histograms describede$tion 4.4.3 are shown in Table 7.4
and 7.5 for linear and squared spaced histograms respectiye

These results, and all others following, were not obtained sing xed variance HMM's.
The variances were re-estimated, where possible, using tlBaum-Welch algorithm. When it
was not possible to re-estimate any model the experiment fEd and this is indicated by a
dash in the results tables. Fixed variance models were not ed because it was found that
whenever it was possible to re-estimate the variances, thecauracy was higher.

Results were obtained using area-histograms generated \ifpositive extrema processing
opening, o-sieves, negative extrema processing closingsieves and bipolar extrema process-
ing recursive median,m-sieves. For all of these PCA was used to reduce the 60 scaleadmel
features to either the top 10 or 20 PCA components. Both covadnce matrix and correlation
matrix PCA calculation was used, denoted at Cov and Cor in theresults tables.

Cov Cor
Sieve Type PCA| N I N I
10 | 189 15.0| 89 | 9.2

opening 20 | 17.3]16.2| 5.8 | 85
. 10| - | - | 8989
closing 20 6.5 | 5.4

10 | 18.5]21.9| 81 | 9.6

recursive median 20 | 15.4118.11 100! 6.9

Table 7.4: Linear spaced area histogram results. Ten state, single medHMM.
Recognition accuracy in %. Dashes indicate models could ndite trained.

Cov Cor
Sieve Type PCA| N I N I
opening 10 | 13.1]11.2| 10.8| 6.5
20 | 189|200 7.7 | 9.6
. 10 | 16.9| 16.5| 17.3| 13.9
closing

20 - - 142 14.2
10 | 17.3|18.1| 15.0| 18.5

recursive median 20 | 219/ 185! 96 | 9.6

Table 7.5: Squared spaced area histogram results. Ten state, single @ HMM.
Recognition accuracy in %.

These results are signi cantly higher than those obtained ging either area tracking or
height and width tracking so only the full multi-talker reco gnition task results are shown. The
results show that calculating PCA with the covariance matrix was usually better. The best
results were obtained using arm-sieve. Temporal interpolation was not always bene cial.
There are no results using the exponentially spaced areadtbgram channels because no
models could be trained.

7.2.4 Scale Histogram

The results presented in this section were all obtained usgvisual features derived from the
vertical scale-histograms discussed in Section 4.4.4. Senrearly results are presented rst as
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they set the direction for the more extensively tested laterexperiments carried out on both
AVletters and Tulips databases.

Initial Experiments

The rst published results obtained using 1D median,m-sieve derived vertical scale-histograms [127]
considered only four of the ten talkers of the AVletters datdbase. The rst publication of the
full database results [128] compared the recognition accacies obtained after using PCA to
reduce the dimensionality of the vertical scale histogramgrom 60, the height of the images.
These experiments investigated the e ect of using either 1®r 20 principal components to
form visual features, calculated using both covariance andorrelation matrices for compari-
son. See Section 4.5 and Appendix A for discussion.

Additionally, results were obtained using a non-sequentibraster scan that concentrates on
the centre of the mouth image. The motivation for this was to test the hypothesis that most
of the information available in a vertical scale-histogramis mouth opening. Concentrating
the analysis toward the centre columns of the image reduce®¢ number of granules counted
from the edges of the mouth, and biases in favour of those frorhe lip mid-line. Figure 7.1
illustrates this with an example image. In practice the expmential, centred, raster scan was
implemented using the normal linear raster scan on an imageoastructed from the spaced
scan lines.

(a) original image (b) rastered image

Figure 7.1: Exponential raster scanning prior to scale-histogram analsis. Image
features away from the centre of the image do not contribute @ the analysis. The
original image (a) is column-wise sampled to form the horizatally subsampled
image (b).

The initial experiments also compared the scale-histogram obtained using anm-sieve
that preserves the baseline D& component of the image with one that ignores this value
during the analysis. As the example in Figure 4.12 showed itsi possible for this to change
the entire decomposition. The e ect of temporal interpolation by a factor of two (from 40ms
frame rate to 20ms) was also investigated. Table 7.6 summaes these results. These results
were obtained using 10 state HMM's with each state associatkwith a single mode Gaussian.

The results show that for scale-histograms temporal interplation of the data generally
gives better accuracy. Principal component analysis usinghe covariance matrix was better
if a DC ignoring sieve was used. If the DC level was preservedceuracy was improved by
assuming all variables to have equal weight and using the calation matrix.

1As discussed in Section 4.3.3.



96 CHAPTER 7. VISUAL SPEECH RECOGNITION
Cov Cor
DC Raster PCA| N | N |
inear 10 | 24.2] 24.6| 265 285
20 |25.4|235| 223|273
Preserve exponenial 10 | 215| 23.9| 215 18.9
20 |24.6|265|21.9]23.9
inear 10 | 30.4]30.0] 21.9] 23.9
20 | 285|342 231|227
Ignore exponential 10 | 235|239 16,9 19.2
20 |23.9] 250/ 19.6| 26.2

Table 7.6: Initial scale-histogram results. The scale-histograms ofin m-sieve
were tested using linear and exponential centred rasteringor DC preserving and
ignoring sieves. Number of PCA coe cients used and type of P@ were also tested.
A ten state, single Gaussian mode HMM was used. Recognitioncauracies in %.

The centre biased exponential raster scanned scale-hist@gns always gave lower results
than simply scanning across the entire image. This suggesthat useful information is ob-
tained from the outer edges of the mouth images.

Full Experiments

The initial scale-histogram results were extended to covethree of the di erent types of sieve
listed in Tables 4.1 and 4.2. As well as the medianm-sieve, which process maxima and
minima, c-sieves (minima) ando-sieves (maxima) were used.

For these experiments the e ects of altering the HMM parameers were also investigated.
The number of states was either ve, seven or nine and assod¢ed with each state were either
one or three, diagonal covariance matrix, Gaussian modes.hE full experimental parameters
are listed in Table 7.7. A full investigation requires 288 eperiments.

Attribute Settings
Sieve type median, m opening, 0 closing, ¢
DC Baseline preserve ignore
Interpolate N, 25Hz I, 50Hz
PCA components 10 20
PCA type covariance correlation
HMM states 5 7 9
Gaussian modes 1 3

Table 7.7: Scale-histogram experiment. All 288 possibilities were ted for all
scale-histogram types and both databases.

Section 4.4.4 showed example scale-histograms formed bynsming a function of the am-
plitude of each granule rather than simply counting the numkber at each scale. The experiment
described by the parameters in Table 7.7 was repeated for daof these scale-histogram types.
The di erent types of scale-histogram and their designatia in the results tables is listed in
Table 7.8.

This 288 4 experiment was extended by considering what happens if thecale-histograms
are linearly scaled. For all of the scale-histogram Figuresn Chapter 4 a linear scale factor
was used to allow the visualisation of the high scales. Eactrale histogram component was
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Key | Type Details
sh | scale count count of granules at each scale
a | amplitude sum sum of amplitudes at each scale
jaj | magnitude sum sum of absolute amplitude at each scale
a’ | power sum sum of squared amplitude at each scale

Table 7.8: Key to scale histogram types.

multiplied by its scale value. Generally the results obtaired using correlation matrix principal
components are poorer than those obtained with the covariarze matrix. This suggest that
all scales should not be treated equally for the PCA.

Finally, the 288 8 event experiment was doubled again to test everything on th&ulips
database as well as AVletters. The nal scale-histogram exgriment involved testing 288
16 = 4,608 di erent con gurations. This took approximately 500 hours of computation on
an SGI O2 workstation. The full results of this are given in Agpendix B and only the trends
identi ed are presented in this section.

An example set of results is given in Table 7.10. These 288 ndts were obtained using
an unscaled magnitude sumnjaj scale-histogram. The three types of sieve split the table o
three columns. Each of these is split into two columns for DC gnoring (NoDc) and DC
preserving (PresDc) sieves. For each of these the resultseaplotted column-wise for PCA
using the covariance matrix (Cov) or correlation matrix (Cor). The rows cover each of the 24
di erent HMM topologies used. The key for HMM type is given in Table 7.9. For example,
201s5m3 means 20 PCA coe cients from interpolated data mod#ed using a 5 state HMM
with 3 Gaussian modes per state.

Attribute | Option
No. PCA coes | 10 20
Vector type N I
No. states sb s7 s9
No. modes ml m3

Table 7.9: Key to HMM parameters.

The trends in these experiments can be most easily seen by giag the results in Ta-
ble 7.10 as intensity images for each of the di erent types obcale-histogram and for both
databases. These are plotted in Figure 7.3 for the AVletterslatabase and Figure 7.4 for the
Tulips database. The results are plotted in the same way as ifTable 7.10 and Figure 7.2
shows a key for interpreting them.

Clear trends can be seen in the results on the AVletters datadses. The ne horizontal
striping indicates that using three Gaussian modes is neaylalways better than one. The
central o-sieve column gives generally lower performance than eithéhe left m-sieve or right
c-sieve. The DC component ignoring columns are usually bettehan those sieved to preserve
this value: note that DC makes no di erence to the negative exrema processingc-sieve which
often gives the best performance. The columns indicating P& with the covariance matrix
are generally higher than those for the correlation matrix. For linear scaled scale-histograms
this is less pronounced, and overall the results show thatriear scaling was not bene cial.
Linear scaling of the vectors should have no e ect on the redts obtained using PCA of the
correlation matrix because of the variance normalisation. The di erences seen are due to
errors from the numerical precision of the calculation of tle correlation matrix. That these



NoDc PresDc NoDc PresDc NoDc PresDc

Type Cov | Cor Cov | Cor Cov | Cor Cov | Cor Cov | Cor Cov | Cor

10Ns5m1| 21.54| 15.38| 16.54| 14.62 || 20.00| 11.92 | 16.54 | 15.00 || 20.77| 14.62| 20.77 | 14.62

10Ns5m3|| 35.77| 29.23| 29.62 | NaN || 29.23 | 28.46 | 25.38| 25.38| 33.46| 32.69| 33.46| 32.69

10Ns7ml|| 22.69 | 18.46| 22.69| 18.46 || 23.85| 13.85| 19.23| 18.46 || 23.85| 20.00 | 23.85| 20.00

10Ns7m3|| 35.77| 31.15| 29.23| 29.23 || 35.00| 30.38 | 28.46| 27.69| 36.15| 30.00| 36.15| 30.00

10Ns9ml|| 24.23| 21.15| 21.54| 17.31 || 29.62 | 11.92| 22.69 | 21.54 || 28.08| 21.54 | 28.08 | 21.54

10Ns9m3|| 35.77| 30.38| 29.62 | 33.85|| 36.54| 28.85| 29.62| 29.23| 37.31| 34.62| 37.31| 34.62

10Is5ml | 18.46| 15.38| 16.92| 13.46 || 19.62| 13.46| 19.23| 16.15| 16.54| 16.54| 16.54| 16.54

10Is5m3 || 32.69| 30.38 | 28.46| 26.92 || 33.46| 28.08 | 25.00| 28.08| 30.77| 27.69| 30.77| 27.69

10ls7ml1 || 21.15| 18.85| 23.08| 18.08 || 26.15| 16.54| 19.23 | 21.92 || 25.38| 20.77 | 25.38| 20.77

10Is7m3 | 33.85| 30.38| 31.15| 29.23 || 34.62| 28.46| 27.31| 30.38| 37.69| 33.08| 37.69| NaN

101s9m1 || 25.00 | 20.38 | 23.46| 22.69 || 29.23 | 14.62| 24.62 | 20.77 || 30.00| 23.08 | 30.00 | 23.08

101s9m3 || 37.69| 33.08 | 34.23| 32.31 || 38.85| 26.54 | 30.77| 29.23| 37.31| 35.38| 37.31| 35.38

20Ns5ml| 20.77| 16.15| 19.23| 15.77| 20.38| 15.38| 28.85| 16.15| 22.31| 14.62| 22.31| 14.62
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20Ns5m3|| 35.77| 28.08| 25.38| 26.15| 31.15| 31.15| 31.92| 24.23 || 40.00 | 28.46| 40.00 | 28.46

20Ns7ml| 25.77| 18.46| 20.00| 20.38 | 20.77| 18.08 | 29.62 | 21.54| 26.92 | 24.23| 26.92 | 24.23

20Ns7m3| 38.85| 30.00| 26.15| 30.38 | 33.85| 31.54 | 33.46| 29.62 || 36.15| 34.62| 36.15| 34.62

20Ns9m1| 28.08 | 17.69| 23.85| 18.46| 24.62| 22.31| 31.15| 26.15|| 30.00 | 25.00 | 30.00 | 25.00

20Ns9m3|| 39.62| 31.15| 31.54| 31.92| 33.85| 30.00| 36.54 | 35.00 || 41.54| 35.77| 41.54| 35.77

20Is5m1 || 19.62| 15.00| 15.77| 13.85| 18.85| 16.54 | 23.46| 17.69| 24.62| 15.38| 24.62 | 15.38

201s5m3 || 36.15| 28.08| 25.00| 23.46| 29.62| 27.69| 31.92| 28.46 || 36.15| 31.54| 36.15| 31.54

20Is7m1 || 28.08 | 20.00| 20.00| 19.62 | 25.77| 20.00| 30.00 | 22.31| 27.31| 22.31| 27.31| 22.31

201s7m3 || 36.92| 32.69| 27.31| 30.38| 33.85| 32.69| 31.54| 28.85|| 36.54| 35.77| 36.54 | 35.77

20Is9m1 || 30.00 | 20.00| 23.85| 20.38 | 27.69| 21.92| 30.00 | 21.92| 32.69| 25.38 | 32.69| 25.38

201s9m3 || 40.77 | 35.38| 29.23| 28.85| 32.31| 31.92| 30.00| 33.85|| 44.62| 38.08| 44.62| 38.08

98

Table 7.10: Example set of results using unscaleglj scale-histograms on the AVletters database.
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NoDc Cov
PresDc Cor

Figure 7.2: Key to scale-histogram result Figures.

small di erences have an e ect on the PCA and resulting featuwes and recognition accuracy
demonstrates how statistically fragile these results areThe highest results are in the lower
halves of the tables, showing the results using twenty PCA cecients are better than those
using ten.

Some of these trends are also seen on the results from the Todi database. The covariance
matrix derived PCA features are distinctly higher than the correlation results. Also, the
o-sieve column is the poorest, and the linear scaled histogma results are lower than the
unscaled. Unlike the AVletters results the best results on Tlips are obtained using single
a Gaussian mode per state. In some cases three modes per statedels could not be re-
estimated: these are shown by the horizontal black lines tlough Figure 7.4 indicating no
result. The best results are in the upper halves of the tabledor ten PCA component features.
For the m- and o-sieves features from DC preserving sieves are usually thetter, there is no
di erence for c-sieves.

These results suggest dispensing with all linear scaledysieve and correlation matrix
results. This leaves justm- or c¢- sieves with features formed from the top ten or twenty
coe cients of a PCA analysis of the covariance matrix of the unscaled scale-histograms.
Taken across both databases it is better to sieve ignoring @ DC value.

These best-subset results are plotted for the AVletters dadbase in Figure 7.5 for the top
twenty PCA features. For the Tulips database ten PCA coe cients is better and these are
likewise plotted in Figure 7.6.

Summary of Scale-Histogram Results

Figures 7.5 and 7.6 show that it is di cult to clearly state ei ther the best type of sieve or
the best type of scale-histogram to use. Comparing the resisl across both databases the
best results are obtained using closing-sieves on interpolated data from amplitude suma
scale-histograms. Note that there is no di erence betweenraplitude sum, a, and magnitude
sum jaj for either o- or c-sieves because they extract, respectively, only positiver negative
extrema. The magnitude sum is identical to an amplitude sum,apart from a sign change in
the case of ac-sieve.
The best features were formed from either the top ten (Tulip$ or twenty (AVletters)

PCA components from the covariance matrix of temporally interpolated data. These are
summarised in Table 7.11. The best result on the Tulips databse is 77.1% correct. For the
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al-Is

Figure 7.3: Scale-histogram results for the AVletters database. Left aclumn plot
recognition accuracy as greylevel intensity for the four tpes of scale histogram.
Right column is the same for the linearly scaled histograms. All to the same
intensity scale, white is high.
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a’-Is

Figure 7.4: Scale-histogram results for the Tulips database. Left colmn plot

recognition accuracy as greylevel intensity for the four tpes of scale histogram.
Right column is the same for the linearly scaled histograms. All to the same

intensity scale, white is high.
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Figure 7.5. Best scale-histogram results for the AVletters database. Li¢ c-sieve.
Right m-sieve. Shows how varying the HMM parameters: number of stas (ab-
scissa) and Gaussian modes (blue columns, 3, red, 1) aect®gognition accu-
racy (ordinate) for interpolated and non-interpolated AVl etters data. Features are
the top twenty components from PCA using the covariance matix. The scale-
histograms are formed using DC ignoring sieves.



7.2.

MULTISCALE SPATIAL ANALYSIS RESULTS 103
Type c-sieve m-sieve
interp non-interp interp non-interp
80 80 80 80

sh

Accuracy, %

N B (o2}

o o o o
(42}
©

Accuracy, %

N B (2]

o o o o
(&)
©

Accuracy, %

N B (2]

o o o o
(&)
©

Accuracy, %

N B (o2}

o o o o
(42}
©

7 7 7 7
No. states No. states No. states No. states

Accuracy, %

N B (o2}

o o o o
(9]
~
©

Accuracy, %

N Py (2]

o o o o
vl
~
©

Accuracy, %

N Py (2]

o o o o
vl
~
©

Accuracy, %

N B (o2}

o o o o
(9]
~
©

No. states No. states No. states No. states

iaj

Accuracy, %

N B (o2}

o o o o
(42}
~
©

Accuracy, %

N B (2]

o o o o
(&)
~
©

Accuracy, %

N B (2]

o o o o
(&)
~
©

Accuracy, %

N B (o2}

o o o o
(42}
~
©

No. states No. states No. states No. states

N

Accuracy, %

N B (o2}

o o o o
°

Accuracy, %

N Py (2]

o o o o
v
~
©

Accuracy, %

N Py (2]

o o o o
v
©

Accuracy, %

N B (o2}

o o o o
(9]
©

No. states No. states No. states No. states

Figure 7.6: Best scale-histogram results for the Tulips database. Left-sieve.
Right m-sieve. Shows how varying the HMM parameters: number of stas (ab-
scissa) and Gaussian modes (blue columns, 3, red, 1) a ecteaognition accuracy
(ordinate) for interpolated and non-interpolated Tulips data. Features are the top
ten components from PCA using the covariance matrix. The sda-histograms are
formed using DC ignoring sieves.
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larger and more complex AVletters database the best resultsi 44.6% correct.

States 5 7 9
Modes 1 3 1 3 1 3
AVletters 10| 16.5 30.8| 25.4 37.7| 30.0 37.3

20| 24.6 36.1| 27.3 36.5| 32.7 44.6
Tulips 10| 66.7 54.2| 77.1 583|750 729
20| 62.5 52.1| 66.7 58.3| 64.6 68.7

Table 7.11: Scale-histogram best recognition accuracies, %, for Tulgpand AVlet-
ters with variations in the HMM parameters: no. states and no Gaussian modes
per state. Top half shows results for 10 PCA coe cients, bottom half for 20 PCA
coe cients.

This suggests that when using sieves to extract visual speedeatures on either of the
databases considered it is the dark image regions that capte most information.

In practice, if lighting conditions were such that the mouth cavity was brighter than the
face this would no longer capture the same information. Howeer, this would be a rather
strange situation almost certainly involving direct light into the mouth. Features derived
using bipolar recursive median sieves have similar perforamce on the AVletters database
and might be expected to be more robust to dierent skin tone ad lighting conditions.
However, the more brightly illuminated Tulips database the results show recursive median
sieves perform signi cantly poorer than closing sieves. Adution to this problem may be to
only measure the negative extrema obtained using am-sieve.

These results do not clearly indicate that using amplitude nformation as well as scale
is useful. Although the best results were obtained using magtude sum scale histograms
these were only marginally better than summing only the numker of granules at each scale.
Also, they introduce a dependency on the lighting conditios. The magnitude squared scale-
histograms were always the poorest which suggests that it imcorrect to assume that high
amplitude granules should be considered more signi cant tAn low amplitude granules.

7.3 Active Shape Model Results

The results in this section were all obtained using the actie shape model (ASM) lip trackers
described in Section 5.1. In all cases the visual speech faats were the tracked sequence of
seven dimensional vectors de ning points in the space of val lip shapes represented by the
point distribution model (PDM). All of the results were obta ined using a simplex minimisa-
tion t on each image. Results were obtained using various ting algorithms under di erent
modelling conditions. Initial results were obtained for bdh AVletters and Tulips databases.
Further development of the tracking algorithm concentrated on the more challenging AVlet-
ters task.

7.3.1 Basic Tracker

The rst ASM lip tracker results on the AVletters database were published in [129]. These
were obtained using the single resolution tracker descrilikin Section 5.1.3. To improve the
accuracy separate greylevel pro le models (GLDM's) were bilt for each talker. The shape

The results in this section were obtained using the standardMATLAB implementation
of simplex minimisation. This di ers slightly from the Nume rical Recipes algorithm used for
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later results as it constructs the initial simplex using fractional perturbations from the initial
conditions. This implementation takes several seconds tot to each image frame.

Results were obtained using this method for both AVletters ad Tulips databases by
initialising the PDM at the mean shape in the centre of each inage in turn. These results are
given in Table 7.12 for a range of HMM parameters. The dashesdicate models topologies
that could not be trained.

States 3 5 7 9
Modes 1 3 5|1 3 5|1 3 5|1 35

AVletters N|10.8 15.0 13.415.8 17.7 14.217.3 18.9 17.317.7 - -
| [16.2 15.4 16.918.1 21.5 18.121.2 20.8 - |223 - -

, N|56.3 56.3 47.958.3 56.3 - |75.0 - - |76.7 - -
Tulips ol ) ] ] ) ) ] ) ) o

Table 7.12: Initial ASM tracker results for AVletters and Tulips databa ses. Recog-
nition accuracy in % for di erent HMM states and Gaussian modes per state. N
indicates raw data, | temporally interpolated by two. Dashes mean models could
not be trained.

Unsurprisingly the best accuracy on the simpler Tulips datdase is much higher at 76.7%
than obtained on the harder AVletters database, 22.3%. The Tlips result compares very
closely to the best 77.1% obtained using MSA in the previousestion. The AVletters result
is signi cantly lower than the 44.6% MSA result. This may be due to two e ects; rstly that
the ASM shape parameters do not have as much discriminationver the larger letters task,
and secondly that the lip contours in AVletters are harder to track.

7.3.2 Multi-resolution Tracker

The initial ASM results were extended using the two-stage carse to ne multi-resolution
tracker described in Section 5.1.5. This implementation usd the Numerical Recipes simplex
code which diers from the MATLAB code by initialising the si mplex with user specied
perturbations. This compiled code also uses only single diang point precision rather than
double. Simplex iterations are much faster than the interpeted MATLAB code, for the lip
contour model each takes approximately 0.5ms on an R10000 3MHz SGI O2 workstation.
Results were only obtained for the more challenging AVlettes database.

Four di erent tracking algorithms were tried. The rstinit ialised each PDM at the mean
shape in the centre of all images. The second starts at the meashape and centre of the
rst image and subsequent images are initialised at the preious t shape and pose. These
two methods were repeated using either nine or eleven pixetmgth greylevel pro le models.
The initial simplex was constructed by perturbing the initi al position by a translation of two
pixels in both x and y, an increase in scale of 10%, a rotation of 0.2 radians and dashape
parameter was increased by 0.5 standard deviations. Thesepmeriments are summarised in
Table 7.13.

The e ect on recognition accuracy was also compared for grégvel modelling for each
talker (local GLDM's) and using a single model for all talkers (global GLDM). The results
using per-talker, local GLDM's are given in Table 7.14 for eperiment ASM1 and Tables 7.15,
7.16 and 7.17 for experiments ASM2, ASM3 and ASM4 respectilye

These experiments show that the longer (eleven pixel leng)hgreylevel prole models
track more reliably than the nine pixel models. It is also beter to initialise the tracker fresh
on each image rather than from the last t position. This works better because it is hard for
the simplex search to recover from positions away from the kal minima. Once the tracker
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Experiment Attribute Option
ASM1 Grey_le\_/el pro le 9 pixels
Initialisation last t
ASM?2 Gre_y_le\_/el pro le 11 pixels
Initialisation last t
ASM3 Grey_le\_/el pro le 9 pixels
Initialisation centred mean shape
ASM4 Gre_y_le\_/el pro le 11 pixels
Initialisation centred mean shape

Table 7.13: ASM experiment summary.

States 3 5 7 9
Modes| 1 3 5113 5|135/135
N |100 - 185- - 25.0(- - -|- - -
ND [10.0 -
ID 9.2 146 - |- - - |- - -|- - -

Table 7.14: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database. Experiment ASM1 GLDM length 9 pixels, initialised at
last frames t position.

States 3 5 7 9
Modes| 1 3 5 1 3 5 1 3 5 1 3 5
N 89 16.2 - |10.8 16.5 23.113.9 20.8 - - - -

| |89 119 -|96 215 - | - 231 242181 - 23.1
ND | - - - |- - - o o] -
ID |9.6 146 185119 - 18592 - - [123 - -
D - - - - - - - - - - - -

Table 7.15: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database. Experiment ASM2 GLDM length 11 pix els, initialise at
last frames t position.

States 3 5 7 9

Modes| 1 3 5| 1 3 511 3 5| 1 3 5
N 9.6 19.2 19.214.2 22.7 25.017.7 24.6 25.017.7 26.9 25.4
I 9.6 20.0 21.211.2 25.0 25.417.7 26.9 24.220.0 25.4 254

ND |10.8 - - - - - - - - - - -
ID (115 - 188127 200 - (17.7 - -l - - -
D - - - - - - - - - - - -

Table 7.16: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database. Experiment ASM3 GLDM length 9 pixels, initialise with
the mean shape at the centre of each image.



7.3. ACTIVE SHAPE MODEL RESULTS 107

States 3 5 7 9
Modes| 1 3 5| 1 3 511 3 5| 1 3 5
N |10.0 18.5 19.213.5 23.1 25.414.6 21.5 26.220.8 23.5 25.4
9.210.4 19.2 21.215.8 25.8 24.618.5 22.7 26.9

| 6.6 165 1
ND | - - - | - - - - - -
ID |89 150 181100 - 262131 - - [142 - -
D - - - - - - - - - - - -

Table 7.17: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database. Experiment ASM4 GLDM length 11 pix els, initialise
with the mean shape at the centre of each image.

has lost the lip contour the tracking fails for the rest of the sequence. Initialising at the mean
shape in the centre of each frame ignores the knowledge of tipeevious lip shape but is able
to recover from tracking errors in individual images. Betterresults can be expected by using
for example a statistical temporal tracking framework [1793] to model the dynamic nature
of the lips.

The corresponding results obtained using a the global greglel prole model trained
across all talkers are given in Tables 7.18, 7.19, 7.20 and?Z. These results are always lower
than those obtained using local GLDM's trained for each taller. The di erences between the
talkers are large and in capturing all this variation the database wide model becomes less
speci ¢ to lip contours.

States 3 5 7 9

Modesf 1 3 5|1 3 5,1 3 5|1 3 5
N |6965 -/89 - -] - - - - - -
I 6.2 - 58658992 - 856981 7.7 6.2

ND (89 - -|65 - -(|100 - -} - - -
o (373 -{- - -85 - -]100 - -
D T T

Table 7.18: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database using a database wide GLDM. Experimat ASM1 GLDM
length 9 pixels, initialise at last frames t position.

States 3 5 7 9

Modesf 1 3 5|1 3 511 3 5|1 3 5
N 7.3 85 6.99.2 7.3 10.010.8 96 5.8/ 96 81 7.3
I 6.2 9.2 857.7 89 8.9 8.1 10.0 10.07.7 10.8 10.0

ND (108 - - - - - - - - - - -
D (92 - 6569 - - |81 - - 1108 - -
D . - - - - - -

Table 7.19: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database using a database wide GLDM. Experimat ASM2 GLDM
length 11 pixels, initialise at last frames t position.
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States 3 5 7 9

Modes| 1 3 5| 1 3 5| 1 3 5|1 3 5
N 8.1 115 10.410.0 150 - |{9.23 11.2 7.310.8 16.9 10.8
I 85 9.2 96115 12.7 11.211.5 115 9.613.9 13.1 85

ND |54 - - - - - - - - - - -
ID [10.0 - - 110.0 - - (100 - - | - - -
D - - - - - - - N - -

Table 7.20: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database using a database wide GLDM. Experimat ASM3 GLDM
length 9 pixels, initialise with the mean shape at the centreof each image.

States 3 5 7 9

Modesf 1 3 5|1 3 5|1 3 5|1 3 5
N |10.0 10.8 9.610.0 11.5 -|14.2 104 9.2/11.9 123 -
I 11.2 11.2 9.6 7.7 13.9 8.912.3 13.1 10.012.3 11.2 -

ND (108 - -] - - - - - - - - -
ID |89 100 -{9.2 - 39100 - - | - - -
D - A - A - - - - - -

Table 7.21: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database using a database wide GLDM. Experimet ASM4 GLDM
length 11 pixels, initialise with the mean shape at the cente of each image.

7.3.3 Per-talker Multi-resolution Tracker

The results in the previous section clearly show that using aeparate GLDM for each talker
gives better performance. This is because the cost functiotloes not consider the inter-talker
variation and is more selective. The shape space of the singd search can also be constrained
for each individual talker by using the PDM trained for each talker.

To be able to train multi-talker HMM's the individuals t par ameters were mapped
through the landmark point coordinates to the best t availa ble using the talker independent
PDM. This is described in Section 5.1.6. The results for thedur conditions in Table 7.13 are
given in Tables 7.22, 7.23, 7.24 and 7.25.

States 3 5 7 9

Modes| 1 3 5 1 3 5 1 3 5 1 3 5
N |54 104 13.510.0 11.5 20.811.5 17.3 17.714.6 19.2 20.8
[ 4.6 10.0 13.59.6 15.8 17.78.1 15.8 20.813.1 16.9 20.8
ND |73 123 - |69 - 219115 - - - - -
ID |[5.8 11.2 16.29.2 14.6 19.210.4 - - 111.2 - -
D - - - - - - - - - - - -

Table 7.22: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database using per-talker GLDM's and per-taker PDM's. Experi-
ment ASM1 GLDM length 9 pixels, initialise at last frames t position.

Despite better tracking performance the per-talker PDM resilts do not improve on those
obtained using the database wide PDM. This is due to the largeariation between talkers, see
Figure 5.17. Mapping low dimensional talker dependent axeis only sensible if the rotations
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States 3 5 7 9

Modes| 1 3 5 1 3 511 3 5 1 3 5
N 3.9 9.2 15.010.8 14.2 17.712.7 14.6 21.%12.3 18.9 21.2
I 54 10.8 - (108 12.3 - |85 139 26.511.9 165 -
ND |5.38 - 14.296 - - (115 - - [15.8 - -
ID 7.3 11.2 1586.9 16.2 17.77.3 - 19.614.2 - -
D 6.9 - - - - - - - - - - -

Table 7.23: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database using per-talker GLDM's and per-taker PDM's. Experi-

ment ASM2 GLDM length 11 pixels, initialise at last frames t position.
States 3 5 7 9
Modes| 1 3 5] 1 3 511 3 5|1 3 5
N (104 115 154104 135 20.011.9 18.1 17.315.0 17.3 21.9
I 58 11.9 11.210.4 139 20.010.7 16.2 - |11.5 185 -
ND |89 - 135115 - 215154 - -] - - -
ID |92 85 - ]96 173 - |108 - - 111.2 - -
D 69 - - |77 - - - - - - - -

Table 7.24: Recognition accuracy in % for multi-resolution ASM lip tracking on
the AVletters database using per-talker GLDM's and per-taker PDM's. Experi-
ment ASM3 GLDM length 9 pixels, initialise with the mean shape at the centre
of each image.

States 3 5 7 9

Modes| 1 3 511 3 5|1 1 3 51 1 3 5
N |[6.2 10.8 13.510.4 15.8 19.614.2 16.2 20.017.7 18.5 21.5
I 6.2 8.9 12.710.8 15.0 20.412.7 15.8 21.212.3 16.9 23.5

ND |85 - - 192 - - |11.2 - - - - -
ID (7.7 108 11.29.2 - 19.210.0 - - 1146 - -
D |89 - - 139 - - - - - - - -

Table 7.25: Recognition accuracy in % for multi-resolution ASM lip tracking on

the AVletters database using per-talker GLDM's and per-taker PDM's. Experi-
ment ASM4 GLDM length 11 pixels, initialise with the mean shape at the centre
of each image.
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map the same sort of modes onto the same global axes. FigurelB.shows that in some cases
the per-talker modes are similar to the global PDM, but geneally this mapping cannot be
guaranteed because of the wide range in talker lip shapes analking style.

7.4 Active Appearance Model Results

This section describes the recognition results obtained irsgy the active appearance model
(AAM) tracker described in Section 5.2. The features were foned from the 37 dimensional
vectors that de ne a point in the combined shape and greylevieappearance space. Initially
the full 37 dimensional features were used. Additional expé@ments investigated using only
the top 20, 10 or 5. No temporal modelling was used, each framsas initialised with the
mean shape and appearance at the centre of the low resolutiomage.

The results are shown in Table 7.26 for the full 37 dimensioravectors, and Tables 7.27,
7.28 and 7.29 for the 20, 10 and 5 dimensional vectors.

States 3 5 7 9

Modes| 1 3 5| 1 3 511 3 5| 1 3 5
N |21.2 26.5 31.523.1 34.2 39.229.6 37.3 40.829.2 37.3 36.9
I 20.4 27.7 34.623.1 32.3 41.930.0 38.5 39.231.9 36.9 38.9

ND (185 - - 1242 - - 1242 - -] - - -
ID |189 26.2 - 235 - 412289 37.7 -|254 - -
D 69 - - 189 - - - - - - - -

Table 7.26: Recognition accuracy in % for multi-resolution AAM lip tracking on
the AVletters database. Full 37 dimensional vectors.

States 3 5 7 9

Modes| 1 3 5| 1 3 511 3 5| 1 3 5
N |18.5 27.7 30.022.7 34.2 36.226.5 36.9 38.527.3 40.8 37.3
I 17.7 26.5 33.123.9 33.9 41.527.3 35.0 40.830.0 36.9 39.6

ND |17.3 189 - |23.1 - - 1269 - -] - - -
ID |185 246 36.921.9 - 37.7219 350 -|29.3 - -
D 73 - - 1100 - - - - - - - -

Table 7.27: Recognition accuracy in % for multi-resolution AAM lip tracking on
the AVletters database. 20 dimensional vectors.

States 3 5 7 9
Modesf 1. 3 5|1 3 5|1 3 5|1 3 5
N |14.2 26.9 32.319.2 33.1 33.523.5 30.0 - |24.2 32.7 -
I 10.8 25.4 29.216.5 28.1 35.423.1 33.1 37.323.1 36.2 38.1

ND (146 - - 119.2 - - - - - - - -
ID |11.9 20.8 - |22.7 26.2 37.719.2 - - 1204 - -
D 7.7 - - - - - - - - - - -

Table 7.28: Recognition accuracy in % for multi-resolution AAM lip tracking on
the AVletters database. 10 dimensional vectors.
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States 3 5 7 9

Modes| 1 3 511 3 511 3 5| 1 3 5
N |12.7 19.2 21.915.8 26.9 28.120.0 24.6 - |20.4 27.3 -
I 11.2 196 - |16.2 254 - |18.9 32.7 31.219.2 28.9 -

ND |13.9 - - - - - - - - - - -
ID |12.3 189 - |18.5 31.9 30.4204 - - 1200 - -
D 6.2 - - - - - - - - - - -

Table 7.29: Recognition accuracy in % for multi-resolution AAM lip tracking on
the AVletters database. 5 dimensional vectors.



112 CHAPTER 7. VISUAL SPEECH RECOGNITION

7.5 Summary of Results

The best results, on both databases and for all methods werebtained using MSA. In nearly
all cases, for all methods, temporally interpolating the daéa give improved recognition accu-
racy. All of the best results were obtained using interpolagéd data.

The best MSA results were obtained using a magnitude sum sahistogram calculated
using a closing sieve and PCA transformed to the top 20 dire@dns using the covariance
matrix. The best ASM results were obtained using the dual-reolution tracker with separate
GLDM's for each talker. The best AAM results used all 37 compaents of the appearance
vectors. These results are summarised in Table 7.30. (For th summary additional ve
Gaussian mode experiments were run for MSA under the best cditions the best result
remained unchanged.)

States 5 7 9
Modes| 1 3 5 1 3 511 3 5
ASM |10.4 19.2 21.215.8 25.8 24.618.5 22.7 26.9
AAM |23.1 32.341.9(30.0 38.5 39.231.9 36.9 38.9
MSA |24.6 36.1 41.527.3 36.5 40.432.7 44.6 41.2

Table 7.30: Summary of best visual recognition results. Recognition amracy in
% for ASM, AAM and MSA on the AVletters database.

These results show that using only shape information, the ABl lip tracker, is not as
e ective as combining with greylevel appearance, the AAM Ip tracker, or analysing the
image by scale, MSA. This nding is in agreement with Bregler 6] who used his lip tracker
only to locate the area for eigen analysis and Luettin [107] o combined the GLDM and
PDM parameters of his ASM lip tracker for improved performarce.



Chapter 8

Audio-Visual Speech Recognition

This chapter describes combined audio-visual speech reagogon experiments for all of the
di erent visual speech features described in the previoushapters. This is the ultimate test
of any visual speech feature; how much contribution does itéd when combined with acoustic
speech features?

The benets humans gain by combining auditory and visual spech have long been
known [14, 66, 145, 148, 182], and it has been clearly demorated that speech perception
is bimodal [117,135]. However, precisely how and when humanntegrate the auditory and
visual stimuli is still unknown [22,75,122,123,163,169883], but appears likely to occur before
phonetic categorisation. Broadly, the various integration strategies can be classed as either
early or late. With early integration the auditory and visual informatio n are combined be-
fore classi cation. For late integration separate classiers operate on each modality and an
integrated result is obtained by somehow fusing the two redts.

Many combined audio-visual speech recognition systems haween reported. The rst
audio-visual speech recognition system by Petajan [151, 2bused late integration and com-
bined the ranked results from each recogniser with a set of keistics. Other examples of late
integration are [23,56,63,119,131,157,175,178]. Examaplof systems using early integration
are [24,27,28,34,93,155,177,186,191, 195, 196]. Alswesal comparisons of early and late
integration have been made [1,84,98,136,142,164]. Reviewf several di erent audio-visual
speech recognition systems can be found in Goldschen [72]JdaHenneke [85].

This chapter discusses and compares both early and late irgeation strategies for an
audio-visual speech recognition task on the AVletters dathase. Results are obtained over
a range of noise conditions using the lipreading results ofllathree methods described in
chapters 4 and 5.

8.1 Audio-visual Integration

Audio-visual speech integration is a subset of the generalrpblem of multimodal (and mul-
tisensor) data fusion. The problem of integrating multiple sources of information occurs in
many other elds, for example, medical imaging, military target recognition [77] and loca-
tion [167], scene analysis [138] and human computer interaon (HCI) [76,174]. The primary
guestion is; at what level should data fusion occur? Generyl three distinct levels are con-
sidered,

1. data fusion;

2. feature fusion;

113
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3. decision fusion.

These are illustrated in Figure 8.1. A further re nement of this classi cation introduces
additional levels between 1 and 2, and 2 and 3 [59].

Data Feature Decision

Feature Decision
Estimator Maker

(a) Data fusion.

Data Feature Decision
Feature
_> ]
Estimator
Decision
Maker

Feature
(b) Feature fusion (early integration).

Estimator

Data Feature Decision

Feature Decision
—
Estimator Maker
Feature Decision
—_—
Estimator Maker

(c) Decision fusion (ate integration).

Figure 8.1. Levels of data fusion.

According to this classi cation data fusion is the lowest level and involves integrating the
raw data. This can only occur if the data is of the same type (fo example averaging the
result of two or more thermometers) and so is not immediatelyapplicable to audio-visual
speech integration. Feature fusion integrates the di erebhmodalities after features have been
extracted from the raw data. For example, audio and visual paameters can be concatenated
to form a single, composite audio-visual speech vector. Thiis otherwise known as early
integration.

The term “decision level fusion' is used when decisions areage on the features of each
modality separately. For example, two recognisers are usewne for visual features and one
for audio. The nal classi cation is made by combining the output of both classi ers to nd
the most likely utterance. This is usually called late integation.

Robert-Ribes et. al [163, 169] have proposed four models for audio-visual integgion.
The rst is direct identi cation (DI) which is identical to feature fusion (early integration).
The second, separate identi cation, is the same as decision fusion (late integration). The
remaining models attempt data fusion by remapping the audibry and visual data into a
common space. Thedominant recoding (DR) model considers the auditory modality to be
the dominant and maps the visual input to an auditory represetation. The motor recoding
(MR) model maps both auditory and visual data into an amodal, neither auditory or visual,
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space. These are illustrated in Figure 8.2.

'

(a) DI, direct identi cation ( early integration)

CODE
CODE

CODE

(b) SI, separate identi cation (late integration)

AUDIO

CODE

!

(c) DR, dominant recoding

MOTOR

N
;

(d) MR, motor recoding

Figure 8.2: Audio-visual integration models proposed by [163,169].

So far only one audio-visual speech recognition system hagén described using the MR
model [163], although no results were given. An example of Di® the mapping of static vowel
images to amplitude spectra by Yuhas [195,196]. Most otheniplementations use either early
(D) or late (SI) integration. For current practical system s there is good reason for this. The
remapping function required for both DR and MR models will have to be statistically learnt
from the training data. Given the limited amount of audio-visual training data currently
available, Chapter 3, it is already di cult to build statist ical models for recognition. Further
modelling error due to a poor mapping function at the data leel is undesirable. For these
reasons DR and MR models are not discussed further.

There are several issues when choosing between early andelategration. Visual features
are often generated at a slower rate than audio features. Thprimary reason for this is the
widespread use of TV speci cation cameras and frame grabbgroperating at 50/60 elds per
second. The use of early integration usually involves an imtrpolation step to synchronise
visual features to the typically more frequent audio featues. The main problem with early
integration is the increase in dimensionality due to the copatenation of modalities, with the
e ect that more training data is required. The second problam is higher sensitivity to failure
of a modality, although this is related to the training problem. For example, if the visual
feature is unavailable because the talker looked away fromhe camera, then early integration
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will fail unless it has been trained to cover this. In generalit hard to incorporate a measure
of con dence for either modality when using early integraton.

By contrast, late integration ignores all temporal synchrory between modalities and mod-
els them completely separately. Because each model is trathén a separate feature space,
training is less of an issue than for early integration on thesame task. Late integration is
more robust to the failure of a modality the failed modality can be simply ignored or its con-
tribution weighted down. Independent modelling also allove di erent topologies to be used
for audio and visual features, and they are free to operate adli erent rates. An additional
qguestion arises for late integration; how should the resu#t from each classi er be combined?
Kittler [95] found empirically that summing the probabilit ies from each classi er performed
better than using either product, min, max, median or majority vote and was least sensitive
to estimation error. The clear disadvantage of late integréion is that correlation between
the modalities cannot be directly exploited.

Some attempts have been made to combine the bene ts of both d& and late integra-
tion. An example using separate, but interconnected, audi@nd visual models is Boltzmann
zippers [85]. For early integration, a cross-product HMM achitecture has been successfully
used to improve accuracy by allowing some temporal “slip' iween audio and visual compo-
nents [30,31,33,186]. This method has the additional bené of separating the initial training
of the audio and visual features and combining them only for nal training and recognition. A
similar multi-stream HMM architecture has also proved sucessful for continuous audio-visual
recognition [108].

A requirement of a successful audio-visual integration s@me is that the combined accu-
racy should be greater than or equal to either modality alone If this is not the case it would
be better to simply use only the better modality. Ideally the integrated performance should
be greater than either audio- or visual-only. The psychologal studies show that humans
always report higher intelligibility when presented with bimodal speech [14,66,145,148,182].

8.2 Audio Recognition

For all integration experiments the acoustic features usedvere Mel frequency cepstral co-
e cients (MFCC's) calculated using the HTK hidden Markov mo del toolkit [194]. These
features have been shown to be more e ective than for exampliénear prediction coe cients
or linear lIterbank analysis [60]. The Mel scale models the onlinear frequency response of
the human ear by spacing Iterbank channels on a nonlinear ais that is approximately linear
up to 1000Hz and logarithmic above 1000Hz. This is de ned in HK using,

Mel(f ) = 2595log,, 1+ (8.1)

700
which is implemented using a Fourier transform by summing tke magnitude from overlapping
triangular Iters spaced along the Mel scale.

Cepstral coe cients are calculated by taking the discrete ®sine transform (DCT) of the
log of the Mel scale lterbank magnitudes, m;, using,

r__
2 X i
G= — mj cos W(J 0:5) (8.2)
ji=1

whereN is the number of Iterbank channels. The raw lterbank magnitudes are often highly
correlated and the DCT transformation is used to decorrela¢ them.
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Little experimentation was done for the acoustic speech faares. All acoustic features
were the top 12 MFCC coe cients from a 16 lterbank analysis. In addition to these, log
energy, delta MFCC and delta log energy coe cients were addd, a total of 26 parameters.

Audio-only recognition results using a nine state HMM with a single diagonal covariance
Gaussian mode for signal-to-noise ratios from clean to -1@&lare shown in Figure 8.3. Due
to variations during recording and di erences in talker loudness the “clean' audio SNR varies
from 25 to 30dB depending on the talker. All other SNR's were btained by adding the
required amount of additive Gaussian white noise to the clea waveform.

Audio-only recognition results
1001

Recognition accuracy (%)
N W A @ N ® ©
5] =] =) o =] =] =] =]
= = T T T T T T

-
o
T

=0
S

6 -3 3 10 20  Clean
SNR (dB)

Figure 8.3: Audio-only recognition results for increasing noise power

The models were trained on the clean speech and tested with epch parameterised from
speech at all SNR's. The clean speech accuracy of 85.8% falleamatically when noise is
added.

8.3 Early Integration Results

For the early integration task composite features were forrad by concatenating the temporally
interpolated visual features obtained using either the besASM tracking, AAM tracking
or MSA features. As well as giving better accuracy for the vigal-only recognition task,
interpolation to 20ms means the visual features match the re of the audio features.

Two conditions were tested. First, results were obtained bybuilding separate models for
each SNR matched model conditions. These results indicatethe best possible performance
that can be obtained because they directly model the audio riee. For the second experiment,
models were trained on the clean audio-visual data and testkat all SNR's. For all experi-
ments, the HMM topology was varied using either 7 or 9 states wh either 1 or 3 modes per
state. The early integrated, matched model, audio-visual ecuracies obtained using the best
ASM tracker features are shown in Table 8.1.

Likewise, results using the full 37 dimensional AAM trackerfeatures are shown in Ta-
ble 8.2. To reduce the dimensionality of the combined AAM audb-visual space, a further
experiment used only the top twenty AAM features. For the visual only task this was shown
to hardly a ect recognition accuracy, Table 7.27. When usirg early integrated audio-visual
models the extra parameters may be unfairly biasing againsthis method because of the
small amount of training data and much larger feature space.These results are shown in
Figure 8.3.

Results using the best MSA features, (Table 7.11), are showim Table 8.4. Finally
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matched model results for audio only are given in Table 8.5 focomparison. The best results
from this experiment all used nine HMM states with three mode per state for AAM and
MSA, and one mode per state for ASM and audio. They are plottedfor comparison in
Figure 8.4.

States ModegClean 20dB 10dB 6dB 3dB 0dB -3dB -6dB -10dB
7 1 835 79.2 723 719 69.2 63.1 57.7 60.4 37.3
3 81.2 - - - - - 639 61.2 50.0
9 1 85.0 819 75.0 71.9 65.4 62.7 62.7 59.6 45.0
3 85.0 - - - - - - 635 485

Table 8.1: Matched model early integration results using ASM visual fatures.
Recognition accuracy in %.

States Modes Clean 20dB 10dB 6dB 3dB 0dB -3dB -6dB -10dB
1 739 750 708 66.9 61.9 596 53.1 519 37.3

! 3 673 715 68.5 67.3 64.2 61.2 58.1 56.9 50.8
9 1 739 719 704 67.7 66.9 635 60.8 604 43.1
3 73.5 74.23 69.6 69.2 69.2 66.2 619 57.3 47.7

Table 8.2: Matched model early integration results using AAM visual features.
Recognition accuracy in %.

States ModesClean 20dB 10dB 6dB 3dB 0dB -3dB -6dB -10dB
1 79.6 78.1 70.8 715 66.9 66.2 56.9 55.0 435

! 3 758 777 719 715 66.9 66.5 63.1 63.5 535
9 1 80.0 78.1 73.1 73.5 68.5 62.7 65.8 60.8 44.2
3 777 765 750 73.1 739 67.3 68.1 62.7 52.3

Table 8.3: Matched model early integration results using top twenty AAM visual
features. Recognition accuracy in %.

Apart from the exception at high SNR for AAM features, all integrated audio-visual
results are higher than the audio only results. By using matckd models the audio-only
results stay high even at very low SNR and only fall below the isual-only results at -10dB.
At this SNR all of the audio-visual results are greater than déther the audio- or visual-alone
results, the requirement of a successful integration scheen Unfortunately, this is not fully
demonstrated in this case due to the high audio-only performnce.

The results for the clean trained models are given for ASM vigal features in Table 8.6 and
for AAM, AAM top twenty, MSA and audio-only in Tables 8.7, 8.8, 8.9 and 8.10 respectively.
The best results are plotted for comparison in Figure 8.5.

The trained-clean results are all above the audio-only acaacy, but only just. Only in
the clean testing conditions do they satisfy the audio-visal greater than audio or visual
requirement (apart from the AAM clean results). These resuls highlight the problem that
combined audio-visual models are unable to cope when the aiadpart of the feature vectors
is degraded by noise. They were not trained for these condidhs, and the visual contribution
cannot be separated, so is of little or no use. Similar resudtare reported in [29], and were
improved by compensating for the audio noise prior to recogtion. This is an attempt to get
back to the clean conditions in which the models were trainedy pre-processing the data.
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States ModegClean 20dB 10dB 6dB 3dB 0dB -3dB -6dB -10dB
1 842 796 765 750 715 69.6 62.7 58.1 46.2

! 3 84.2 839 789 76.2 71.2 66,5 70.0 64.2 50.4
9 1 86.2 854 80.8 76.9 70.8 685 68.1 64.2 54.2
3 858 86.5 80.0 785 719 68.9 69.6 654 58.1

Table 8.4: Matched model early integration results using MSA visual fatures.
Recognition accuracy in %.

States ModegClean 20dB 10dB 6dB 3dB 0dB -3dB -6dB -10dB
7 1 80.8 754 67.7 61.54 60.4 55.0 45.8 44.6 33.9
- - - - - - - - 35.0
9 1 85.8 785 70.8 615 59.6 55.8 51.2 49.2 35.0
3 - - - - - - - - 32.3

Table 8.5: Matched model audio results. Recognition accuracy in %.

Matched model early integration
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Figure 8.4: Best matched model early integration results for all methods

States Modes Clean 20dB 10dB 6dB 3dB 0dB -3dB -6dB -10dB
7 1 835 127 39 35 35 39 39 39 39

3 812 285 100 73 6.2 50 54 42 46
9 1 850 196 6.2 54 35 39 39 39 39
3 85.0 327 154 127 96 7.7 6.2 50 4.2

Table 8.6: Trained-clean early integration results using ASM visual €atures.
Recognition accuracy in %.
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Clean 20dB 10dB 6dB 3dB 0dB -3dB -6dB -10dB

7 1 739 29.2 165 13.1 115 9.2 10.0 81 8.1
3 67.3 36.2 204 20.0 169 154 12.7 12.7 11.9
9 1 739 26.2 17.3 135 119 115 100 7.7 7.3
3 735 339 239 19.6 154 139 12.7 112 115
Table 8.7: Trained-clean early integration results using AAM visual features.

Recognition accuracy in %.

States Modeg

Clean 20dB 10dB 6dB 3dB 0dB -3dB -6dB -10dB

7 1
1
o 3

796 235 92 6.2 62 65 54 50 42
758 26.2 19.6 16.2 13.1 12.7 10.8 81 6.9
80.0 269 119 85 69 69 58 46 50
777 29.6 19.2 142 13.1 131 115 10.8 8.9

Table 8.8: Trained-clean early integration results using top twenty AAM visual
features. Recognition accuracy in %.

States ModegClean 20dB 10dB 6dB 3dB 0dB -3dB -6dB -10dB
7 1 842 158 42 39 35 39 39 39 39
3 842 304 139 127 96 81 6.2 58 65
9 1 86.2 185 54 50 39 39 39 39 39
3 85.8 258 104 7.7 65 50 6.2 54 46
Table 8.9: Trained-clean early integration results using MSA visual €atures.

Recognition accuracy in %.

Clean 20dB 10dB 6dB 3dB 0dB -3dB -6dB -10dB

States Modeg
1
! 3
1
9 3

808 142 46 46 46 46 39 39 339

858 135 42 39 39 42 42 46

4.6

Table 8.10: Trained-clean audio results. Recognition accuracy in %.
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Figure 8.5: Best trained-clean early integration results for all method.

This is a valid solution to the problem, but will ultimately f ail when the noise compensation
can no longer cope. Under these conditions a late integratioscheme is able to focus on the
modality providing the most reliable features.

8.4 Late Integration Results

This section presents results obtained by Dr Stephen Cox, st published as [56] and updated
in [131,132]

The late integration experiments presented in this sectionwere obtained for the same
task using the same visual features as the previous sectioklowever, in order to use spectral
subtraction noise compensation, the audio parameters areat MFCC's but the unlogged
outputs of a 24 channel Iterbank analysis. Although these ould be converted to MFCC's,
and better accuracy obtained, this was not done in these expienents. The audio-only results
are therefore lower than those obtained using MFCC's previosly.

From each, independent, audio and visual recogniser a set tikelihoods are obtained
for each of theVV words of the vocabulary. These are fused to give the integratd audio-
visual result, w , using a weighted sum of log-likelihoods (equivalent to a mrduct of the
probabilities),

w =argmax f L (wjA)+(1 J)L(wijV)g (8.3)
i=1;2;:V
where L (w;jA) is the log-likelihood of the ith word from the audio recogniser andL (w;jV)
likewise for the visual recogniser. The weight, , allows the relative contribution from each
recogniser to be varied.

The original paper [56] investigated audio-visual integréion using an exhaustive search
to nd the best possible for each utterance and for each SNR. These results were also
compared with those using audio noise compensation with dier spectral subtraction [19]
or matched models. It was found that noise compensation codlgive better results than
weighted audio-visual late integration using uncompensad audio. However, further experi-
ments demonstrated that visual information could be used tdfurther improve noise compen-
sated audio features and that the integration weight could be accurately estimated given
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an estimate of the SNR. The estimate of the SNR could also be liably predicted from the
test utterances.

To choose a condence measure was formed based on the uncertainty of ¢haudio
recogniser about a word at each SNR. If the set of legal input ards is denotedX and the
recognised wordsY the entropy derived con dence measure (EDCM) estimate for s,

H(XjY)

H XY ) 84)

The late integration results using EDCM to estimate are given in Figure 8.6(a) using
the best ASM result. The uncompensated audio rapidly falls ® chance. This was improved
using spectral subtraction noise compensation, but was ftiner improved by adding the visual
information. Similar results are obtained using the best AAV features, Figure 8.6(b), and
MSA features, Figure 8.6(c). Only at the lowest SNR is the auw-visual greater than audio
or visual requirement lost. A comparison of all three method is shown in Figure 8.6(d).
There are no results using the top twenty AAM features becaus there is no penalty in using
more visual features for late integration.

As expected, given the similar visual-only scores of AAM andMSA, the integration results
are also very similar. The ASM results are correspondinglyower.
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Chapter 9

Summary and Future Work

9.1 Summary

This thesis has described and evaluated six potential mettas for visual speech analysis.
Three (area tracking, height and width tracking and area-hstograms) are dismissed on the
basis of visual-only recognition experiments that show thg are not e ective in extracting
useful lipreading information. The remaining three are: a dw-level 1D multiscale spatial
analysis (MSA) that measures the distribution of vertical length image features; and two
high-level lip shape based analyses. The rst measures lipghape using an inner and outer
lip contour Active Shape Model (ASM). The second is a recent xension, implemented by
Cootes [49], that statistically combines models of lip shap and greylevel appearance in an
Active Appearance Model (AAM). The best visual-only results for all three methods are
summarised in Table 9.1.

Method | ASM | AAM | MSA
AVletters | 26.9 | 41.9 | 44.6
Tulips | 76.7 | NJA | 77.1

Table 9.1: Visual-only results summary. Best accuracies, in %, obtaire for the
AVletters and Tulips database. The AAM tracker was not used o the Tulips
database.

The visual-only recognition accuracies for the AVletters @tabase show that using an
ASM tracker to obtain only lip shape information is the poorest. The addition of greylevel
appearance as well as shape modelling by the AAM greatly impres the results. Note
that the ASM and AAM are trained on an identical set of landmark point labelled training
images. However, while the models themselves are therefadeectly comparable, the tting
algorithms are not. The errors in both of these model-basedmproached may be due to two
e ects. First, the tracking algorithms may have failed to n d the global minimum of the cost
function and so failed to nd the best model t to the image. Bot h the ASM simplex tracker
and the AAM update model are only able to nd local minima. If t he real lip position, shape
or appearance is too far from the starting position then the onverged solution may not be
the best. The second source of error is due to the modelling.f the training set did not
cover all the variation in lip shape and appearance, then thestatistical shape and appearance
models do not accurately represent the data.

Improved results for both model-based trackers should be @ected through the use of a
temporal Kalman Iter framework. This has proved successfliin constraining and controlling
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dynamic contours for many applications [16,17], includindipreading [93]. Active appearance
models have recently been implemented in a similar framewkifor improved face identi cation
from a series of images [65].

The best visual-only results were obtained using MSA. Afteran extensive search to nd
the best parameters it was found that magnitude sum scale hisgrams from a closing,c-sieve
were the best. Forc-sieves DC preservation is not an issue as only negative egmna are
processed and order is not important. The best results usedhe top 20 PCA components
calculated using the covariance matrix.

An important di erence between MSA and both ASM and AAM is that MSA requires
no training. The hand labelling of landmark points is prone  error and requires signi cant
manual input to label a representative training set. MSA wasable to achieve higher perfor-
mance without any manual intervention on only crudely hand digned mouth images. For the
Tulips database Gray [73] was able to improve his low-levelralysis results by re-aligning the
database using the pose values from Luettin's ASM tracker [@7]. While in practice MSA has
been shown to be very robust to minor translations, any pixebased analysis is ultimately
dependent on the accurate location of the region of interest

The clear observation is that better results should be obtaiable by combining both high-
level tracking and low-level analysis. The Active Appearare Model does this by combining
shape and greylevel appearance. That the AAM recognition ®ults are only slightly lower
than those obtained with MSA must be treated with caution for such small training and test
sets. On the basis of these results it cannot be conclusivelglaimed that MSA is better or
worse than using AAM's. Neither are they mutually exclusive If, on a more comprehensive
task, it was found that MSA was better than the greylevel eig@-analysis used for appearance
modelling then the AAM's can still be used as superior trackes, to more accurately locate
the mouth than an ASM, for MSA analysis.

The results on the Tulips subset of digits database show thatfor the simpler task, there
is no real di erence between MSA and ASM. When moving to the moe complex AVletters
database, ASM has worse performance than MSA. This is due tche problem of modelling
error (a proportionally smaller amount of the database can e hand labelled) and di erent
imaging conditions. The Tulips database has far clearer ligontours thanks to the additional
desk level lamp during recording. The untrained, direct imge analysis, used by MSA is
better able to extend to the larger more di cult task.

In nding that shape is a poor lipreading feature compared todirect image analysis these
results support the comments by Bregler and Omohundro [26] ah oppose those of Kaucic,
Dalton and Blake [93].

For all three of the best methods, early and late integrationwere compared. In matched
model conditions early integration performed well, aided &rgely by the robust audio per-
formance. Testing trained-clean early integration modelshighlighted the problems of this
method. When one modality is degraded it degrades the recogion rate because the model
has no way of dealing with this unknown situation. Better resuts were obtained using late
integration with an entropy derived con dence measure (EDOM) to automatically change the
relative weight between the audio and visual recognisers. df those experiments it was found
that noise compensation could be used to obtain better restd than using visual information
with uncompensated audio. But, the best performance is obtaied using all methods. In
other words, one may always improve performance through apppriate signal processing,
but this can be improved further by using additional visual information.

Finally, a signi cant part of this work was concerned with th e acquisition of an aligned
audio-visual database. The AVletters database was the re#tuof this e ort and has already
been distributed to several non-UK researchers who wish todnchmark their systems (and



9.2. REAL-TIME IMPLEMENTATIONS 127

would rather avoid the trouble of recording their own). Howerer, no claim can be made that
it is a good database on which researchers can compare resuliTo make reliable comparisons
of statistical methods a much larger database would be reqted. The major problem that
has so far prevented this is distribution. Digitised acousic speech databases typically require
several CDROM's and large amounts of disk space during paraeterisation. This problem
is several orders of magnitude worse when visual data is addleand is currently impractical.
The only viable current solution is real-time parameterisdion of video data. This completely
avoids the problem of having to store massive amounts of highandwidth digital video.

There are further advantages of a real-time system that havedbeen well proven in the
vision and speech communities:

1. real-time implementations discourage slow algorithms;

2. real-time systems are less likely to train on unwanted fdares in the database since the
data is less controlled;

3. real-time implementations encourage researchers to glinate database dependent tweaky
parameters .

9.2 Real-time Implementations

To address the practicality of claiming that real-time visual analysis is required, fast imple-
mentations of the ASM tracker (only single resolution) and MSA analysis were written.

The real-time MSA system is capable of processing images domwously at 30fps (NTSC
frame rate) on an R10000 175MHz SGI O2 workstatioh Scale histograms are constructed
for each image frame, plotted on screen, Figure 9.2, and PCAdnsformed to nd only the
top components. An example demonstration of this system imigmented a real-time, simple
two-word “yes' or "no' vocabulary, recogniser for a singleaiker. This was demonstrated for
ve days continuously at the “Tomorrow's World Live' event in March 1997 and performed
well.

A major limitation of the real-time MSA analysis is that the t alker had to position
himself so an alignment box contains the mouth. To remove tts limitation, a near real-time
implementation of the ASM lip tracker was written. An example frame is shown in Figure 9.2.
This is computationally limited by the large number of simplex evaluations required for each
image frame and only runs at between 10-20fps depending onre@rgence tolerance and
lighting conditions. The example screen shot shows the arearound the model has been
cutout and displayed in its own window. This is the proposed aalysis window in which MSA
can be applied. However, at the moment this system is unableot automatically initially
locate the lips or recover if they are lost.

Preliminary experiments show that both systems will run at the same time, although the
ASM tracker frame rate drops much more signi cantly as the piocessor time-slices between
the processes. The computationally much simpler MSA is ablé run at almost full rate.

This is a completely general implementation and has also beeused for near real-time
face tracking that could more reliably locate the lips and maith area.

1This is certainly no longer state of the art or an excessive requirement.
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Figure 9.1: Real-time MSA analysis.

9.3 Future Work

A major extension to this work is required to move from isolatd to continuous speech. Some
progress in this direction has been made in the recording of @atabase of digit triples for two
talkers. This database is also recorded at two di erent zoonpositions to allow quantitative
testing of a system for normalising image scale. This would é required to extend MSA to
work on images other than at a single xed size.

An important source of information so far ignored is colour. Several researchers have
improved their lip trackers by highlighting the lips with co lour processing. Signi cant im-
provements to the ASM tracker should be seen by modelling theolour of the lip contour
boundary rather than just intensity.

Figure 9.2: Real-time ASM tracker.
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Returning to the comments on the bene ts of vision by Summereld [183] (Section 2.1.4)
it is clear that the identity of the talker, his location, whe ther or not he is talking and to
whom, has so far been ignored. After the commitment is made tamplement an audio-
visual speech recognition system, this information is avéable for little extra e ort. As well
as providing more robust recognition, vision can disambigate situations where there are
multiple talkers or where the talker turns to address someoa else, for example. It is perhaps
in these real-world situations, that cannot be resolved by adition alone, where visual speech
analysis will have the most to o er.
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Appendix A

Principal Component Analysis

Principal component analysis (PCA) [43, 89, 99] is a technige for analysing multivariate
data that identi es a set of new orthogonal variables known & principal components. These
principal components are linear combinations of the origial variables and represent a rotation
of the n dimensional axes of the data. The directions are ordered byatreasing importance so
the rst principal component is the axis that describes mostvariance, the second component
is the orthogonal axis that describes as much as possible dfi¢ remaining variance and so
on. This transforms correlated data into a decorrlelated spce that can be approximated
usingr ( n) dimensions. If the data is highly correlatedr can be much less tham and yet
still describe most of the variance. Principal component aalysis is also called the Hotelling
transform [87] or Karhunen-Loéve expansion [2].

If x =[Xx1;X2;::::%n]" is an n-dimensional random variable with meanx and covariance
S from N samples,

1 X
Xk = N Xki k=1;:::;n (A1)
i=1
X = [X1X2;:i1;%a]" (A.2)
1 X N o
S = N 1 xi  X)(Xi  X) (A.3)
i=1
the task is to nd the new set of variables, b;;by;:::;b,, which are uncorrelated and have

variances that decrease from rst to last. Each is a linear cmbination of the original variables
SO,

B = pyXi+ pyXa+ il PnjXn (A.4)
= p/x (A.5)
wherepj =[pyj;Pz;:::;Pnj]" is a vector of constants which is constrained to be a unit lert

vector so the transform is orthogonal, i.e. eaclp; represents a new axis and distances are
preserved,

T X 2
pj pj = pkj =1 (AG)

The rst principal component is de ned as the linear combination by = plx of the
original variables that has largest possible variance givethe constraint of Equation (A.6).
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The sample variance ofb, is,
Sg = —— (b by)? (A.7)

But, by, bi=pix;i p{x=pi(x; X) from Equation (A.5) so,

(b, B)2=pixi X)(xi X)'p1 (A.8)
and,
X! _
(b, B)? = pr(xi XX X)Tps (A.9)
i=1 i=1,, "
T X 5 T
= pl i N DT P (A.10)

sincep1 is constant overi. Substituting from Equation (A.3), Equation (A.7) becomes,
n #
2 T 1 X e T T
S, =P1 —— (i X)(xi X)' p1=p;Sp: (A.11)

N 1i=1

The standard method for maximising a function of several vaiables with one or more
constraints is to use Lagrange (undetermined) multipliers. With a single constraint the

stationary points of a di erentiable function of n variables f (x1;X2;:::;X,) subject to the
constraint g(X1;X2;:::;Xn) = c are such that there exists a Lagrange multiplier, , so that,
@f @g :
= =2=-0 i=1:::::n A.12
@x  @x (A12)
at the stationary points. Given the Lagrangian function,
Lx)=f(x) [ox) d (A.13)
the set of equations in Equation (A.12) can be written,
@L
== A.14
@ (A.14)

Applying this to the maximisation of Equation (A.11),

L(p1) = piSps  (pip1 1) (A.15)
and di erentiating,
@‘ =2Sp; 2p (A.16)
@1 1 1 .
Setting to zeros gives,
(S Np1 = 0 (A.17)

or Spl = pP1 (A18)



133

This is a homogeneous set afi equations with n unknowns. For a solution to p; other than
the null vector (S I) must be singular so is chosen such that,

iS 1j=0 (A.19)

A non-zero solution only exists if is an eigenvalue ofS, but in general S will have n

PISP1= Plp1 (A.20)

and sincepjT p; =1 then p]Sp1= . Asthisiswhat needs to be maximised is chosen as the
largest eigenvalue, ;. From Equation (A.18) the principal component p is the eigenvector
corresponding to the largest eigenvalue.

The second principal component, = plx, is obtained in a similar way. However, there
is the additional constraint that b, must be uncorrelated with by, that is,

xXn
PsP1= PipP2= PPz =0 (A.21)
i=1

i.e. po and p1 must be orthogonal.
To maximise the variance ofly,, which from Equation (A.11) is,
SE = p;Sp2 (A.22)

for both constraints requires two Lagrange multipliers,

L(p2)= psSp2  (Pip2 1) pips (A.23)

where is the second Lagrange multiplier.
At the stationary points,

@L
— =2(S Np2 p1=0 (A.24)
@2
by pre-multiplying with pJ,
2piSp, =0 (A.25)
sinceplp1 = 0. This also meanspl Sp; = p] Spz = 0 sinceS is symmetric and pJ Sp; is a
scalar so is zero at the stationary points and Equation (A.24) becomes

(S Np2=0 (A.26)

This is analogous to the the rst principal component but wit h the added constraint that the

second principal component must have the most variancafter the the variance of the rst

component has been accounted for. The second principal corpent is thus the eigenvalue
associated with the second largest eigenvalue,.

This can be continued for all the remaining principal compomnts. The jth component is
the linear combination by = pij which is orthogonal to all previous combinations,

pfpi=0  8i<]j (A.27)

with maximum variance. Maximising this variance involves an expression withj Lagrange
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multipliers. Generalising from the description above the @envector associated with thej th
largest eigenvalue is thg th principal component.
The n n eigenvectors can be represented using the matrix,

P =[p1p2;:::;pn] (A.28)
and then 1 vector of principal components byb =[by; bp;:::; ], so,
b=PTx (A.29)

The geometric (rotation of the axes) interpretation of PCA considers the linesn dimen-
sional sample space which de ne the hyper-plane onto whichasnple members are projected.
In this case the coe cients, p; of the ith principal component b may also be referred to as the
ith principal component. In this senseP, the matrix of eigenvectors, de nes the directions
or modes of variation found by the principal component analysis. This interpretaion is how
PCA is generally used in this thesis.

A.1 Variance Contribution

The n n covariance matrix of the orthogonal, ranked by variance, pincipal componentsb
is, by the de nition of principal components,
2 3

1 0 0
Sh=§ | (A.30)

0O O ::: n

The proportion of the variance described by theith component is,

i
S — (A.31)
j
=1
and the proportion of the variance described by the rstt components,
Xt
j
j=1
0 (A.32)

This can be used for dimensionality reduction by the allowiry the percentage of variance
to be retained in the smallert dimensional space to be chosen, say 95%.
A.2 Mean Correction

Equation (A.29) relates the samplex to the principal components b such that b has zero
mean (it is removed when calculating the covariance). The mens can be corrected with the
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appropriate vector of means, Equation (A.3),
b=PT(x X) (A.33)

which geometrically is a translation by the mean to the origh followed by an orthogonal
rotation of the axes.

A.3 Inverse Transform

Principal component analysis is a linear transform andP is, by de nition, orthogonal so
PTP = | and Equation (A.33) becomes,

x = X+ Pb (A.34)

A.4 Scaling Problem

From the de nition of principal components the rst component is the linear combination
that describes the most variance. This can be a problem if theample variables have di erent
scaling or units. For example one variable might be measureth millimetres and another in
kilograms. The variables that exhibit greatest variance wil dominate the principal component
analysis, and nothing is gained as any correlation betweenaviables is lost in the large scale
di erence. A solution is to standardise the data prior to anaysis, by subtracting the mean and
dividing by the standard deviation of each variable in turn. This normalises the covariance
matrix and is the correlation matrix, whose correlation coecients are,

1 X i X)X X)

ri = A.35
I N 1 SiSj ( )
r=1
where s; is the variance of variablei,
2 1 X 2
st=——— (X Xj) (A.36)
N 1
r=1
The correlation matrix, R is then,
2 3
1 rqp :i0 r1n
rpz 1 © Ion
R = . . (A.37)
i fnz2 0 1

This di ers from the covariance matrix by the variance normalisation. The elements ofS
are calculated using,

X
Si =y 1 - 1 (i X)(Xi  Xi) (A.38)
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Where, 2 3
S11 S12 i1 Sin
S21 S22 iii Son
s=8 _ (A.39)
Snl Sn2 Snn

By using the correlation matrix R instead of the covariance matrixS for principal com-
ponent analysis the sample space is normalised, so that eaghriable is considered equally
important. If the variables are not thought to be equally signi cant the correlation matrix
should not be used.

A.5 MATLAB Implementation

The following MATLAB was used to calculate the point distrib ution models (PDM's) in
Section 5.1.1 and uses the same notation as above. Only staarxd MATLAB (version 5.2 is
current) commands are required. The principal components r@ calculated using the eigen-
analysis of the covariance matrix. The remaining commandsresure the eigenvalues and cor-
responding eigenvectors are in variance order and identifgow many are required to account
for varSumof the variance. When calculating PDM's varSumwas set0:95.

% Do stats
Xm = mean(models);
S = cov(models);

% Principal component analysis
[V D] = eig(S);

[evals 1] = sort(diag(D));

evecs = V(,D);

O© 0O ~NOoO O~ WDNPER

% Max first
evals = flipud(evals);
evecs = fliplr(evecs);

e el e
A WNRO

% Keep how many?
vsum = cumsum(evals) / sum(evals);
t = min(find(vsum >= varSum));

e
o~ o U

% Return only first t modes
P = evecs(;,1:1);

b = evals(1:t);

Xm = Xm’;

NN
= O ©
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NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

21.15

16.92

16.92

19.62

13.85

14.62

21.54

16.92

21.92

15.38

21.92

15.38

10Ns5m3

37.69

31.15

30.00

30.00

25.77

20.38

28.46

26.15

34.23

31.15

34.23

31.15

10Ns7m1l

28.08

16.15

20.38

22.69

20.38

14.62

23.08

18.08

26.54

22.31

26.54

22.31

10Ns7m3

37.69

35.00

31.92

30.38

30.77

24.23

31.54

26.15

34.23

33.08

34.23

33.08

10Ns9m1

27.69

22.69

26.92

22.31

19.23

15.38

22.31

19.62

28.08

22.69

28.08

22.69

10Ns9m3

36.54

35.00

33.85

34.23

32.31

26.54

30.77

28.85

38.85

35.38

38.85

35.38

10NIs5m

21.92

18.46

16.54

19.23

15.77

16.54

21.92

18.85

17.31

17.31

17.31

17.31

10NIs5m3

32.69

33.46

30.38

31.15

26.15

2231

28.08

24.62

34.23

32.69

34.23

32.69

10NIs7m1

23.85

20.38

20.00

21.92

22.69

17.31

25.77

20.00

22.31

20.77

22.31

20.77

10NIs7m3

38.46

35.00

36.15

31.92

29.62

24.62

33.08

28.85

34.23

35.00

34.23

35.00

10NIs9m1

24.62

25.77

23.85

25.38

20.77

15.38

25.77

22.31

26.15

21.54

26.15

21.54

10NIs9m3

35.77

37.69

35.38

33.85

31.15

28.46

30.77

NaN

36.15

35.00

36.15

35.00

20Ns5m1

18.46

15.77

21.92

16.92

22.69

15.38

21.15

19.62

24.62

20.38

24.62

20.38

20Ns5m3

36.15

28.08

35.38

29.23

28.08

25.38

27.69

25.77

34.62

32.31

34.62

32.31

20Ns7m1l

25.77

20.77

26.15

20.77

23.08

15.00

19.23

23.46

28.46

20.77

28.46

20.77

20Ns7m3

41.15

31.15

33.08

34.23

31.15

25.77

31.15

28.08

34.62

36.92

34.62

36.92

20Ns9m1

28.46

24.23

26.15

24.62

28.08

19.62

23.46

26.54

30.77

20.38

30.77

20.38

20Ns9m3

40.77

34.62

35.00

34.62

28.85

24.62

31.54

33.08

39.23

41.92

39.23

41.92

20NIs5m1

21.92

16.92

19.62

16.15

20.38

14.62

21.54

20.38

26.15

20.77

26.15

20.77

20NIs5m3

38.08

31.54

36.15

31.54

25.77

21.54

30.38

28.85

36.15

31.54

36.15

31.54

20NIs7m1

27.31

19.62

23.85

21.92

21.54

17.69

19.23

21.15

24.23

24.62

24.23

24.62

20NIs7m3

40.77

35.00

37.69

34.23

31.15

27.69

30.77

30.77

36.54

37.69

36.54

37.69

20NIs9m1

27.31

21.15

26.15

NaN

25.00

18.46

25.00

21.92

30.77

24.23

30.77

24.23

20NIs9m3

38.85

34.62

35.77

33.85

31.15

30.00

33.46

33.85

37.69

38.46

37.69

NaN

Table B.1:

AVletters, sh




NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

17.69

17.31

19.62

12.31

20.00

11.92

16.54

15.00

20.77

14.62

20.77

14.62

10Ns5m3

30.00

23.08

25.77

18.85

29.23

28.46

25.38

25.38

33.46

32.69

33.46

32.69

10Ns7m1l

21.54

17.69

28.85

16.15

23.85

13.85

19.23

18.46

23.85

20.00

23.85

20.00

10Ns7m3

28.08

27.69

33.46

21.54

35.00

30.38

28.46

27.69

35.77

30.00

35.77

30.00

10Ns9m1

22.69

13.08

26.15

16.54

29.62

11.92

22.69

21.54

28.08

21.54

28.08

21.54

10Ns9m3

32.69

29.23

35.00

25.77

36.54

28.85

29.62

29.23

37.31

34.62

37.31

34.62

10Isbm1l

20.00

12.69

18.46

13.08

19.62

13.46

19.23

16.15

16.54

16.54

16.54

16.54

101s5m3

28.46

22.69

26.92

20.38

33.46

28.08

25.00

28.08

30.38

27.69

30.38

27.69

10Is7m1

19.23

17.69

22.69

16.15

26.15

16.54

19.23

21.92

25.38

20.77

25.38

20.77

101s7m3

28.85

26.54

28.85

23.08

34.62

28.46

27.31

30.38

37.69

33.08

37.69

33.08

10Is9m1

24.62

16.92

26.54

16.92

29.23

14.62

24.62

20.77

30.00

23.08

30.00

23.08

101s9m3

31.54

29.23

31.92

28.08

38.85

26.54

30.77

29.23

37.31

35.38

37.31

35.38

20Ns5m1

21.92

16.54

20.38

14.23

20.38

15.38

28.85

16.15

22.31

14.62

22.31

14.62

20Ns5m3

33.08

NaN

30.00

30.00

31.15

31.15

31.92

24.23

40.00

28.85

40.00

28.85

20Ns7m1l

20.38

23.85

23.85

15.00

20.77

18.08

29.62

21.54

26.92

24.23

26.92

24.23

20Ns7m3

33.08

31.54

27.69

30.77

33.85

31.54

33.46

29.62

36.15

34.62

36.15

34.62

20Ns9m1

25.77

25.77

25.38

20.00

24.62

22.31

31.15

26.15

30.00

25.00

30.00

25.00

20Ns9m3

35.77

31.15

32.31

29.23

33.85

30.00

36.54

35.00

41.15

35.77

41.15

35.77

20Is5m1

18.85

17.31

18.08

11.54

18.85

16.54

23.46

17.69

24.62

15.38

24.62

15.38

201s5m3

31.92

30.77

32.31

26.92

29.62

27.69

31.92

28.46

36.54

31.54

36.54

31.54

20Is7m1

24.23

22.69

25.38

16.15

25.77

20.00

30.00

22.31

27.31

22.31

27.31

2231

201s7m3

30.77

34.23

31.92

32.31

33.85

32.69

31.54

28.85

36.54

35.38

36.54

35.38

201s9m1

26.54

24.23

24.23

23.46

27.69

21.92

30.00

21.92

32.69

25.38

32.69

25.38

201s9m3

33.46

36.54

33.08

28.85

32.31

31.92

30.00

33.85

44.62

38.08

44.62

38.08

Table B.2:

AVletters, a
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NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

21.54

15.38

16.54

14.62

20.00

11.92

16.54

15.00

20.77

14.62

20.77

14.62

10Ns5m3

35.77

29.23

29.62

27.31

29.23

28.46

25.38

25.38

33.46

32.69

33.46

32.69

10Ns7m1l

22.69

18.46

22.69

18.46

23.85

13.85

19.23

18.46

23.85

20.00

23.85

20.00

10Ns7m3

35.77

31.15

29.23

29.23

35.00

30.38

28.46

27.69

36.15

30.00

36.15

30.00

10Ns9m1

24.23

21.15

21.54

17.31

29.62

11.92

22.69

21.54

28.08

21.54

28.08

21.54

10Ns9m3

35.77

30.38

29.62

33.85

36.54

28.85

29.62

29.23

37.31

34.62

37.31

34.62

10NIs5m

18.46

15.38

16.92

13.46

19.62

13.46

19.23

16.15

16.54

16.54

16.54

16.54

10NIs5m3

32.69

30.38

28.46

26.92

33.46

28.08

25.00

28.08

30.77

27.69

30.77

27.69

10NIs7m1

21.15

18.85

23.08

18.08

26.15

16.54

19.23

21.92

25.38

20.77

25.38

20.77

10NIs7m3

33.85

30.38

31.15

29.23

34.62

28.46

27.31

30.38

37.69

33.08

37.69

NaN

10NIs9m1

25.00

20.38

23.46

22.69

29.23

14.62

24.62

20.77

30.00

23.08

30.00

23.08

10NIs9m3

37.69

33.08

34.23

32.31

38.85

26.54

30.77

29.23

37.31

35.38

37.31

35.38

20Ns5m1

20.77

16.15

19.23

15.77

20.38

15.38

28.85

16.15

22.31

14.62

22.31

14.62

20Ns5m3

35.77

28.08

25.38

26.15

31.15

31.15

31.92

24.23

40.00

28.46

40.00

28.46

20Ns7m1l

25.77

18.46

20.00

20.38

20.77

18.08

29.62

21.54

26.92

24.23

26.92

24.23

20Ns7m3

38.85

30.00

26.15

30.38

33.85

31.54

33.46

29.62

36.15

34.62

36.15

34.62

20Ns9m1

28.08

17.69

23.85

18.46

24.62

22.31

31.15

26.15

30.00

25.00

30.00

25.00

20Ns9m3

39.62

31.15

31.54

31.92

33.85

30.00

36.54

35.00

41.54

35.77

41.54

35.77

20NIs5m1

19.62

15.00

15.77

13.85

18.85

16.54

23.46

17.69

24.62

15.38

24.62

15.38

20NIs5m3

36.15

28.08

25.00

23.46

29.62

27.69

31.92

28.46

36.15

31.54

36.15

31.54

20NIs7m1

28.08

20.00

20.00

19.62

25.77

20.00

30.00

22.31

27.31

22.31

27.31

2231

20NIs7m3

36.92

32.69

27.31

30.38

33.85

32.69

31.54

28.85

36.54

35.77

36.54

35.77

20NIs9m1

30.00

20.00

23.85

20.38

27.69

21.92

30.00

21.92

32.69

25.38

32.69

25.38

20NIs9m3

40.77

35.38

29.23

28.85

32.31

31.92

30.00

33.85

44.62

38.08

44.62

38.08

Table B.3:

AVletters, jaj




NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

16.92

13.85

16.15

3.85

16.92

13.08

16.54

16.92

19.23

14.23

19.23

14.23

10Ns5m3

25.00

28.85

24.62

9.23

28.46

24.62

23.46

23.85

27.69

28.08

27.69

28.08

10Ns7m1

20.00

16.54

16.92

5.00

17.31

13.08

18.46

16.92

19.62

17.31

19.62

17.31

10Ns7m3

34.23

31.15

28.08

10.38

27.31

28.85

23.08

23.85

36.15

32.69

36.15

32.69

10Ns9m1

20.77

20.77

18.08

3.46

20.00

16.92

18.85

19.23

22.31

22.31

22.31

22.31

10Ns9m3

31.15

28.08

28.08

10.38

27.69

30.00

23.85

29.62

33.46

30.38

33.46

30.38

10NIs5m

16.54

12.31

13.85

5.38

16.92

13.46

15.38

12.69

20.38

16.15

20.38

16.15

10NIs5m3

27.69

26.92

24.62

10.00

25.77

22.69

22.69

23.46

NaN

28.46

NaN

28.46

10NIs7m1

20.77

16.54

16.54

5.77

18.46

17.31

20.00

16.15

21.54

20.77

21.54

20.77

10NIs7m3

38.08

32.31

29.62

11.54

28.08

24.62

23.85

21.54

31.54

33.08

31.54

33.08

10NIs9m1

22.31

18.46

18.85

5.00

22.69

18.85

18.08

18.46

24.23

22.69

24.23

22.69

10NIsOm3

31.92

35.38

27.69

13.85

31.15

31.15

26.15

27.31

33.46

33.85

33.46

33.85

20Ns5m1

19.62

14.62

15.38

4.62

15.77

18.46

19.62

14.23

13.08

21.54

13.08

21.54

20Ns5m3

29.62

29.62

26.15

10.77

28.46

26.54

26.15

22.69

31.92

29.23

31.92

29.23

20Ns7m1l

21.54

20.77

17.69

4.23

20.77

17.69

23.46

16.15

21.15

21.54

21.15

21.54

20Ns7m3

30.38

31.15

23.46

11.54

27.31

29.23

25.77

26.54

34.62

33.85

34.62

33.85

20Ns9m1

21.15

21.15

20.00

5.00

17.69

20.38

25.00

15.77

27.69

25.38

27.69

25.38

20Ns9m3

30.77

34.23

24.62

10.00

29.23

30.00

28.46

26.15

28.46

33.85

28.46

33.85

20NIsbm1l

18.08

16.54

14.62

6.15

16.92

15.77

19.62

14.23

17.69

19.62

17.69

19.62

20NIs5m3

31.92

33.08

22.69

13.85

26.54

23.08

24.62

24.23

34.23

31.15

34.23

31.15

20NIs7ml

20.00

18.08

15.38

5.77

20.77

19.62

19.62

15.77

23.08

23.85

23.08

23.85

20NIs7m3

32.69

34.23

26.15

9.62

29.62

33.08

27.69

24.23

34.62

35.77

34.62

35.77

20NIs9m1

23.46

20.00

21.54

6.92

19.62

19.62

26.92

20.77

21.54

26.54

21.54

26.54

20NIs9m3

31.54

35.77

27.69

14.62

28.46

31.92

27.31

24.62

37.31

38.85

37.31

38.85

Table B.4:

AVletters, a2
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NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

20.38

16.92

17.31

16.92

18.85

8.46

18.85

11.54

14.62

15.00

14.62

15.00

10Ns5m3

28.46

29.23

23.08

27.31

23.08

18.08

24.23

23.85

25.38

25.00

25.38

25.00

10Ns7m1l

24.62

22.31

16.15

20.38

19.23

11.15

20.00

16.15

21.15

15.38

21.15

15.38

10Ns7m3

31.92

33.08

26.15

27.69

25.77

18.85

26.15

23.85

30.77

28.46

30.77

28.46

10Ns9m1

24.23

25.00

19.62

21.15

18.08

12.31

21.54

18.46

22.31

20.38

22.31

20.38

10Ns9m3

32.31

31.92

27.69

31.15

24.62

21.92

31.92

25.38

3231

32.31

32.31

32.31

10NIs5m

16.92

18.08

13.46

17.69

20.77

11.54

18.46

14.62

16.15

17.69

16.15

17.69

10NIs5m3

25.77

26.54

28.08

28.08

22.31

16.15

27.69

23.46

30.77

27.69

30.77

27.69

10NIs7m1

19.62

23.85

16.54

18.46

18.46

13.08

23.46

17.31

23.85

17.31

23.85

17.31

10NIs7m3

30.77

31.54

25.00

33.08

24.62

2231

25.77

NaN

31.15

29.23

31.15

29.23

10NIs9m1

24.62

24.62

19.23

19.62

17.69

12.31

25.38

16.92

23.85

18.85

23.85

18.85

10NIs9m3

31.54

34.62

31.92

33.08

27.31

21.54

29.62

23.08

36.15

33.08

36.15

33.08

20Ns5m1

21.15

24.23

18.46

15.77

21.54

12.31

21.54

16.54

18.46

18.46

18.46

18.46

20Ns5m3

31.54

32.31

23.46

25.38

25.77

23.46

27.69

25.38

32.69

32.31

32.69

32.31

20Ns7m1l

23.46

23.08

22.69

16.92

24.62

14.62

21.54

19.62

26.15

21.15

26.15

21.15

20Ns7m3

31.92

35.38

30.00

26.54

27.69

22.69

28.85

27.69

35.38

33.46

35.38

33.46

20Ns9m1

23.85

26.92

25.00

20.00

23.46

12.31

22.69

21.92

26.54

28.46

26.54

28.46

20Ns9m3

34.62

33.85

32.69

27.69

28.46

24.23

30.38

26.15

37.69

33.85

37.69

33.85

20NIs5m1

21.15

20.77

16.92

15.77

20.38

11.15

20.00

11.54

20.38

16.15

20.38

16.15

20NIs5m3

32.69

34.23

27.31

24.62

24.23

21.54

28.46

23.85

32.31

33.85

32.31

33.85

20NIs7m1

24.62

23.85

23.46

20.38

19.62

15.38

21.92

20.77

25.77

21.15

25.77

21.15

20NIs7m3

34.23

33.08

31.54

28.46

25.38

23.46

27.31

26.54

35.38

35.00

35.38

35.00

20NIs9m1

26.54

28.08

21.92

19.62

19.62

12.31

25.00

22.69

26.54

24.23

26.54

24.23

20NIs9m3

37.69

33.85

29.62

31.15

26.54

23.46

31.54

26.15

39.23

39.23

39.23

39.23

Table B.5:

AVletters, sh, linear scaled




NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

15.00

13.46

10.77

7.31

19.62

14.23

16.92

13.85

18.46

16.54

18.46

16.54

10Ns5m3

24.62

24.62

16.92

12.69

28.08

23.46

28.08

26.15

28.85

28.85

28.85

28.85

10Ns7m1

16.54

16.15

11.54

8.85

19.23

16.15

18.85

18.46

21.92

17.69

21.92

17.69

10Ns7m3

26.92

26.15

19.23

15.77

27.69

23.46

24.62

28.46

36.15

31.54

36.15

31.54

10Ns9m1

21.15

17.31

13.46

8.08

21.54

13.85

20.77

18.46

26.15

25.00

26.15

25.00

10Ns9m3

31.15

24.62

19.62

15.77

28.08

27.31

25.77

30.38

39.23

33.85

39.23

33.85

10NIs5m

16.54

15.77

8.08

8.46

20.38

16.15

18.46

15.38

16.15

17.31

16.15

17.31

10NIs5m3

25.00

25.38

15.00

16.15

25.38

23.85

25.00

26.15

30.38

31.92

30.38

31.92

10NIs7m1

17.69

17.31

8.08

8.46

20.38

16.92

20.77

14.62

19.62

21.54

19.62

21.54

10NIs7m3

30.77

26.92

18.46

15.00

30.00

23.85

28.08

27.31

36.15

30.38

36.15

30.38

10NIs9m1

19.62

18.46

14.23

7.69

20.77

16.92

23.85

16.15

22.31

22.69

22.31

22.69

10NIsOm3

30.38

27.69

16.15

19.62

24.23

26.92

27.31

NaN

38.08

36.54

38.08

36.54

20Ns5m1

18.46

16.54

15.00

8.46

20.38

14.62

22.31

13.46

27.69

21.54

27.69

21.54

20Ns5m3

27.69

26.15

19.62

13.46

26.92

25.77

30.00

27.31

33.08

30.00

33.08

30.00

20Ns7m1l

25.00

20.77

16.92

9.62

20.00

15.38

22.31

16.92

29.62

22.69

29.62

22.69

20Ns7m3

30.38

29.62

26.54

14.62

30.00

26.92

30.00

NaN

34.23

35.38

34.23

35.38

20Ns9m1

23.85

22.69

18.46

9.23

21.15

15.77

24.62

17.69

28.08

30.38

28.08

30.38

20Ns9m3

33.46

30.00

26.92

17.31

29.23

28.46

33.08

25.00

41.54

40.00

41.54

40.00

20NIsbm1l

20.38

18.85

16.92

8.46

17.69

14.62

21.15

15.00

25.00

22.69

25.00

22.69

20NIs5m3

29.62

26.54

19.62

14.62

29.62

26.15

28.08

22.69

32.69

32.69

32.69

32.69

20NIs7ml

21.54

22.69

14.62

7.31

19.23

18.85

24.62

16.54

26.92

25.00

26.92

25.00

20NIs7m3

29.62

30.00

22.31

18.08

29.62

25.77

30.38

25.38

33.85

35.00

33.85

35.00

20NIs9m1

24.62

21.54

18.08

7.69

25.00

17.31

26.92

19.62

27.69

25.00

27.69

25.00

20NIs9m3

31.54

31.92

26.54

19.23

31.54

28.08

31.92

24.23

40.77

39.62

NaN

39.62

Table B.6:

AVletters, a, linear scaled
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NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

16.92

18.08

11.92

9.23

19.62

14.23

16.92

13.85

18.46

16.54

18.46

16.54

10Ns5m3

29.62

33.46

17.69

18.85

28.08

23.46

28.08

26.15

29.23

NaN

29.23

28.85

10Ns7m1l

16.92

15.00

11.92

9.62

19.23

16.15

18.85

18.46

21.92

NaN

21.92

17.69

10Ns7m3

31.15

28.46

16.54

17.31

27.69

23.46

NaN

28.46

36.15

31.54

36.15

31.54

10Ns9m1

19.23

23.46

13.46

8.08

21.54

13.85

20.77

18.46

26.15

25.00

26.15

25.00

10Ns9m3

31.54

34.62

21.15

20.00

28.08

27.31

25.77

30.38

39.23

NaN

39.23

33.85

10NIs5m

18.46

15.00

11.15

9.62

20.38

16.15

18.46

15.38

16.15

17.31

16.15

17.31

10NIs5m3

27.69

26.15

18.46

17.31

25.38

23.85

25.00

26.15

30.38

30.00

30.38

30.00

10NIs7m1

16.15

20.00

13.08

10.00

20.38

16.92

20.77

14.62

19.62

21.54

19.62

21.54

10NIs7m3

32.69

30.77

18.08

20.77

30.00

23.85

28.08

27.31

35.38

30.38

35.38

30.38

10NIs9m1

21.92

22.69

15.77

10.77

20.77

16.92

23.85

16.15

22.31

22.69

22.31

22.69

10NIs9m3

35.00

32.69

19.23

21.15

24.23

26.92

27.31

NaN

38.08

36.54

38.08

36.54

20Ns5m1

19.62

17.31

15.00

7.31

20.38

14.62

22.31

13.46

27.69

21.54

27.69

21.54

20Ns5m3

36.54

28.46

21.15

18.08

26.92

25.77

30.00

27.31

32.69

30.00

32.69

30.00

20Ns7m1l

22.69

21.92

18.85

8.46

20.00

15.38

22.31

16.92

29.62

22.69

29.62

22.69

20Ns7m3

32.69

33.46

24.23

16.92

30.00

26.92

30.00

NaN

33.85

35.38

33.85

35.38

20Ns9m1

22.31

23.08

20.00

8.46

21.15

15.77

24.62

17.69

28.08

30.38

28.08

30.38

20Ns9m3

35.38

34.23

22.31

18.85

29.23

28.46

33.08

25.00

41.92

40.00

41.92

40.00

20NIs5m1

20.77

18.85

13.85

7.69

17.69

14.62

21.15

15.00

25.00

22.69

25.00

22.69

20NIs5m3

32.31

31.54

21.54

17.31

29.62

26.15

28.08

22.69

32.69

33.08

32.69

33.08

20NIs7m1

24.23

21.15

20.00

8.46

19.23

18.85

24.62

16.54

26.92

25.00

26.92

25.00

20NIs7m3

31.92

30.77

25.77

18.08

29.62

25.77

30.38

25.38

33.85

35.00

33.85

NaN

20NIs9m1

23.85

24.62

20.38

11.15

25.00

17.31

26.92

19.62

27.69

25.00

27.69

25.00

20NIs9m3

36.15

36.15

19.23

18.85

31.54

28.08

31.92

24.23

40.77

39.62

40.77

NaN

Table B.7:

AVletters, jaj, linear scaled




NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

16.54

13.08

6.92

4.62

15.00

12.31

16.92

13.08

20.77

19.62

20.77

19.62

10Ns5m3

26.15

31.15

11.15

5.77

21.92

26.15

22.69

18.08

29.62

27.69

29.62

27.69

10Ns7m1

18.08

16.92

10.38

5.00

13.85

15.00

20.77

13.85

22.31

NaN

22.31

24.23

10Ns7m3

29.62

33.08

13.46

6.54

21.92

24.23

23.85

20.38

31.15

NaN

31.15

NaN

10Ns9m1

16.54

15.00

8.85

5.00

15.38

12.31

21.15

14.23

27.69

26.54

27.69

26.54

10Ns9m3

29.23

33.46

NaN

7.69

24.62

28.85

21.92

25.00

35.00

36.15

35.00

36.15

10NIs5m

15.38

13.46

8.46

5.38

12.69

13.46

15.38

11.54

21.92

17.69

21.92

17.69

10NIs5m3

28.08

33.46

NaN

8.08

20.38

24.62

23.46

18.85

29.23

33.08

29.23

33.08

10NIs7m1

20.00

15.77

9.62

4.23

18.46

15.38

18.08

10.38

24.62

25.00

24.62

25.00

10NIs7m3

29.23

32.69

13.85

9.23

23.46

25.77

27.31

23.85

NaN

NaN

NaN

NaN

10NIs9m1

18.46

17.31

8.46

5.38

16.54

15.00

16.15

15.00

28.08

24.62

28.08

24.62

10NIsOm3

33.46

34.62

15.00

7.69

26.15

25.00

25.00

20.77

34.23

38.08

34.23

38.08

20Ns5m1

17.31

17.31

12.31

5.00

16.54

15.77

14.62

11.92

20.00

19.23

20.00

19.23

20Ns5m3

27.31

28.85

15.00

6.92

27.31

25.38

23.08

16.54

31.15

33.46

31.15

33.46

20Ns7m1

20.00

17.31

14.62

5.38

18.85

19.62

18.46

12.69

25.00

25.00

25.00

25.00

20Ns7m3

29.23

33.85

16.15

6.92

27.31

29.23

23.85

23.08

31.54

40.38

31.54

40.38

20Ns9m1

23.08

21.92

13.85

4.23

19.62

20.00

23.85

14.62

28.46

28.46

28.46

28.46

20Ns9m3

33.85

35.77

19.23

8.08

31.15

28.08

26.54

21.92

32.31

38.46

32.31

38.46

20NIsbm1l

18.85

17.31

10.00

4.62

NaN

14.62

13.85

10.38

20.00

20.38

20.00

20.38

20NIs5m3

29.62

32.69

18.08

7.69

26.92

26.92

29.62

17.69

28.08

38.08

28.08

38.08

20NIs7ml

17.69

20.77

10.77

4.23

18.46

17.31

19.62

11.15

25.00

23.08

25.00

23.08

20NIs7m3

31.92

35.38

16.15

8.85

25.00

28.08

24.62

23.08

35.77

36.15

35.77

36.15

20NIs9m1

20.77

23.46

15.38

5.38

18.08

21.92

21.92

13.08

28.46

29.23

28.46

29.23

20NIs9m3

38.08

37.69

22.31

8.46

27.31

31.15

25.00

NaN

35.00

38.85

35.00

38.85

Table B.8:

AVletters, a2, linear scaled
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NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

77.08

39.58

79.17

60.42

64.58

47.92

58.33

54.17

68.75

33.33

68.75

33.33

10Ns5m3

54.17

54.17

62.50

NaN

41.67

37.50

50.00

47.92

NaN

52.08

NaN

52.08

10Ns7m1

75.00

45.45

70.45

61.36

50.00

36.36

52.27

52.27

70.45

54.55

70.45

54.55

10Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10Ns9m1

60.00

40.00

70.00

46.67

50.00

36.67

56.67

50.00

76.67

60.00

76.67

60.00

10Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10NIs5m

66.67

41.67

56.25

56.25

58.33

50.00

43.75

35.42

64.58

43.75

64.58

43.75

10NIs5m3

54.17

41.67

60.42

52.08

35.42

39.58

50.00

43.75

47.92

47.92

47.92

47.92

10NIs7m1

72.92

45.83

77.08

62.50

62.50

47.92

56.25

47.92

70.83

52.08

70.83

52.08

10NIs7m3

58.33

52.08

75.00

47.92

45.83

43.75

45.83

45.83

60.42

50.00

60.42

50.00

10NIs9m1

75.00

39.58

75.00

62.50

58.33

41.67

58.33

50.00

70.83

54.17

70.83

54.17

10NIsOm3

68.75

56.25

70.83

47.92

43.75

41.67

43.75

43.75

68.75

50.00

68.75

50.00

20Ns5m1

64.58

43.75

68.75

54.17

60.42

47.92

60.42

43.75

66.67

56.25

66.67

56.25

20Ns5m3

60.42

43.75

60.42

56.25

47.92

39.58

52.08

47.92

NaN

45.83

NaN

45.83

20Ns7m1l

65.91

43.18

63.64

52.27

43.18

45.45

56.82

47.73

68.18

54.55

68.18

54.55

20Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20Ns9m1

56.67

33.33

56.67

50.00

43.33

43.33

56.67

46.67

66.67

50.00

66.67

50.00

20Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20NIsbm1l

68.75

37.50

70.83

52.08

56.25

45.83

58.33

33.33

66.67

41.67

66.67

41.67

20NIs5m3

60.42

52.08

58.33

47.92

37.50

37.50

56.25

39.58

56.25

39.58

56.25

39.58

20NIs7ml

62.50

43.75

70.83

56.25

52.08

41.67

62.50

41.67

64.58

56.25

64.58

56.25

20NIs7m3

52.08

47.92

60.42

47.92

37.50

41.67

45.83

54.17

52.08

47.92

52.08

47.92

20NIs9m1

68.75

43.75

79.17

54.17

56.25

37.50

62.50

45.83

70.83

50.00

70.83

50.00

20NIs9m3

54.17

52.08

66.67

37.50

45.83

37.50

47.92

43.75

58.33

54.17

58.33

54.17
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NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

58.33

75.00

47.92

60.42

58.33

37.50

68.75

45.83

60.42

41.67

60.42

41.67

10Ns5m3

60.42

56.25

47.92

58.33

52.08

45.83

60.42

47.92

64.58

45.83

64.58

45.83

10Ns7m1l

50.00

70.45

54.55

56.82

43.18

34.09

50.00

52.27

61.36

36.36

61.36

36.36

10Ns7m3

45.45

56.82

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10Ns9m1

43.33

56.67

53.33

60.00

43.33

26.67

53.33

40.00

60.00

40.00

60.00

40.00

10Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10NIs5m

56.25

62.50

56.25

56.25

60.42

43.75

58.33

41.67

66.67

54.17

66.67

54.17

10NIs5m3

41.67

58.33

50.00

54.17

47.92

43.75

39.58

52.08

54.17

54.17

54.17

54.17

10NIs7m1

54.17

72.92

47.92

62.50

58.33

37.50

68.75

43.75

77.08

45.83

77.08

45.83

10NIs7m3

56.25

52.08

50.00

64.58

52.08

43.75

47.92

41.67

58.33

45.83

58.33

45.83

10NIs9m1

56.25

70.83

52.08

66.67

56.25

45.83

62.50

43.75

75.00

47.92

75.00

47.92

10NIs9m3

54.17

64.58

54.17

56.25

45.83

45.83

56.25

50.00

72.92

43.75

72.92

43.75

20Ns5m1

47.92

58.33

66.67

54.17

70.83

33.33

62.50

58.33

70.83

37.50

70.83

37.50

20Ns5m3

62.50

56.25

56.25

68.75

37.50

35.42

54.17

52.08

56.25

45.83

56.25

45.83

20Ns7m1l

50.00

52.27

63.64

50.00

40.91

34.09

50.00

56.82

56.82

36.36

56.82

36.36

20Ns7m3

47.73

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20Ns9m1

43.33

50.00

56.67

46.67

50.00

30.00

50.00

50.00

53.33

33.33

53.33

33.33

20Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20NIs5m1

45.83

58.33

62.50

50.00

47.92

39.58

58.33

45.83

62.50

37.50

62.50

37.50

20NIs5m3

47.92

54.17

45.83

64.58

47.92

52.08

54.17

45.83

52.08

50.00

52.08

50.00

20NIs7m1

52.08

58.33

68.75

62.50

62.50

41.67

58.33

54.17

66.67

35.42

66.67

35.42

20NIs7m3

54.17

64.58

54.17

60.42

54.17

52.08

47.92

54.17

58.33

47.92

58.33

47.92

20NIs9m1

56.25

64.58

62.50

68.75

58.33

35.42

58.33

54.17

64.58

41.67

64.58

41.67

20NIs9m3

56.25

66.67

58.33

58.33

41.67

41.67

50.00

62.50

68.75

43.75

68.75

43.75

Table B.10: Tulips, a




NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

54.17

43.75

54.17

47.92

58.33

37.50

68.75

45.83

60.42

41.67

60.42

41.67

10Ns5m3

45.83

47.92

58.33

45.83

52.08

45.83

60.42

47.92

64.58

45.83

64.58

45.83

10Ns7m1

40.91

34.09

65.91

43.18

43.18

34.09

50.00

52.27

61.36

36.36

61.36

36.36

10Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10Ns9m1

30.00

30.00

63.33

33.33

43.33

26.67

53.33

40.00

60.00

40.00

60.00

40.00

10Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10NIs5m

45.83

47.92

54.17

52.08

60.42

43.75

58.33

41.67

66.67

54.17

66.67

54.17

10NIs5m3

50.00

54.17

54.17

50.00

47.92

43.75

39.58

52.08

54.17

54.17

54.17

54.17

10NIs7m1

66.67

45.83

52.08

54.17

58.33

37.50

68.75

43.75

77.08

45.83

77.08

45.83

10NIs7m3

41.67

54.17

58.33

45.83

52.08

43.75

47.92

41.67

58.33

45.83

58.33

45.83

10NIs9m1

56.25

35.42

68.75

50.00

56.25

45.83

62.50

43.75

75.00

47.92

75.00

47.92

10NIsOm3

41.67

50.00

56.25

52.08

45.83

45.83

56.25

50.00

72.92

43.75

72.92

43.75

20Ns5m1

50.00

33.33

64.58

35.42

70.83

33.33

62.50

58.33

70.83

37.50

70.83

37.50

20Ns5m3

50.00

39.58

62.50

50.00

37.50

35.42

54.17

52.08

56.25

45.83

56.25

45.83

20Ns7m1l

47.73

40.91

59.09

43.18

40.91

34.09

50.00

56.82

56.82

36.36

56.82

36.36

20Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20Ns9m1

36.67

20.00

56.67

33.33

50.00

30.00

50.00

50.00

53.33

33.33

53.33

33.33

20Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20NIsbm1l

52.08

41.67

62.50

50.00

47.92

39.58

58.33

45.83

62.50

37.50

62.50

37.50

20NIs5m3

41.67

39.58

58.33

45.83

47.92

52.08

54.17

45.83

52.08

50.00

52.08

50.00

20NIs7ml

52.08

37.50

54.17

39.58

62.50

41.67

58.33

54.17

66.67

35.42

66.67

35.42

20NIs7m3

47.92

35.42

58.33

41.67

54.17

52.08

47.92

54.17

58.33

47.92

58.33

47.92

20NIs9m1

50.00

39.58

62.50

50.00

58.33

35.42

58.33

54.17

64.58

41.67

64.58

41.67

20NIs9m3

47.92

41.67

58.33

43.75

41.67

41.67

50.00

62.50

68.75

NaN

68.75

43.75

Table B.11:
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NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

33.33

37.50

43.75

41.67

41.67

41.67

37.50

58.33

54.17

45.83

54.17

45.83

10Ns5m3

37.50

39.58

45.83

41.67

47.92

54.17

47.92

56.25

54.17

NaN

54.17

47.92

10Ns7m1l

47.73

38.64

34.09

31.82

43.18

43.18

45.45

59.09

50.00

45.45

50.00

45.45

10Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10Ns9m1

46.67

36.67

46.67

40.00

40.00

33.33

46.67

53.33

46.67

46.67

46.67

46.67

10Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10NIs5m

45.83

35.42

39.58

41.67

43.75

41.67

47.92

58.33

70.83

41.67

70.83

41.67

10NIs5m3

41.67

35.42

56.25

41.67

45.83

39.58

58.33

50.00

58.33

50.00

58.33

50.00

10NIs7m1

43.75

43.75

50.00

45.83

45.83

43.75

45.83

58.33

64.58

43.75

64.58

43.75

10NIs7m3

54.17

39.58

39.58

39.58

39.58

41.67

56.25

58.33

62.50

47.92

62.50

47.92

10NIs9m1

43.75

39.58

45.83

29.17

47.92

50.00

52.08

56.25

64.58

47.92

64.58

47.92

10NIs9m3

41.67

29.17

43.75

50.00

39.58

39.58

56.25

NaN

64.58

50.00

64.58

50.00

20Ns5m1

47.92

39.58

52.08

43.75

41.67

43.75

47.92

60.42

52.08

45.83

52.08

45.83

20Ns5m3

52.08

43.75

45.83

35.42

41.67

43.75

56.25

50.00

45.83

47.92

45.83

47.92

20Ns7m1l

45.45

38.64

40.91

36.36

43.18

43.18

40.91

56.82

52.27

47.73

52.27

47.73

APPENDIX B. MSA SCALE-HISTOGRAM RESULTS

20Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20Ns9m1

36.67

33.33

53.33

33.33

43.33

30.00

50.00

53.33

36.67

33.33

36.67

33.33

20Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20NIs5m1

45.83

54.17

45.83

37.50

58.33

50.00

45.83

64.58

56.25

35.42

56.25

35.42

20NIs5m3

47.92

41.67

41.67

29.17

52.08

37.50

56.25

58.33

54.17

45.83

54.17

45.83

20NIs7m1

47.92

52.08

50.00

39.58

50.00

33.33

56.25

68.75

60.42

43.75

60.42

43.75

20NIs7m3

45.83

45.83

39.58

37.50

50.00

35.42

58.33

52.08

52.08

45.83

52.08

45.83

20NIs9m1

43.75

50.00

54.17

37.50

45.83

39.58

45.83

64.58

66.67

56.25

66.67

56.25

20NIs9m3

43.75

41.67

45.83

39.58

45.83

41.67

62.50

56.25

52.08

50.00

52.08

50.00
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NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

41.67

43.75

50.00

50.00

39.58

35.42

43.75

50.00

64.58

60.42

64.58

60.42

10Ns5m3

37.50

56.25

56.25

39.58

37.50

45.83

47.92

60.42

58.33

47.92

58.33

47.92

10Ns7m1

40.91

38.64

61.36

47.73

34.09

36.36

43.18

52.27

61.36

54.55

61.36

54.55

10Ns7m3

NaN

NaN

NaN

NaN

45.45

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10Ns9m1

43.33

26.67

53.33

46.67

36.67

26.67

30.00

43.33

60.00

63.33

60.00

63.33

10Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10NIs5m

45.83

43.75

52.08

50.00

45.83

37.50

47.92

52.08

62.50

52.08

62.50

52.08

10NIs5m3

37.50

47.92

54.17

39.58

45.83

43.75

58.33

47.92

60.42

43.75

60.42

43.75

10NIs7m1

47.92

45.83

52.08

52.08

47.92

43.75

58.33

58.33

54.17

47.92

54.17

47.92

10NIs7m3

39.58

45.83

45.83

58.33

50.00

43.75

47.92

52.08

52.08

58.33

52.08

58.33

10NIs9m1

47.92

43.75

58.33

52.08

50.00

39.58

56.25

50.00

58.33

54.17

58.33

54.17

10NIsOm3

50.00

50.00

50.00

58.33

43.75

NaN

52.08

62.50

50.00

52.08

50.00

52.08

20Ns5m1

50.00

45.83

47.92

45.83

43.75

27.08

50.00

50.00

60.42

56.25

60.42

56.25

20Ns5m3

56.25

52.08

45.83

45.83

NaN

45.83

47.92

54.17

58.33

47.92

58.33

47.92

20Ns7m1l

52.27

43.18

40.91

45.45

40.91

34.09

43.18

50.00

47.73

54.55

47.73

54.55

20Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20Ns9m1

60.00

36.67

46.67

40.00

40.00

36.67

40.00

26.67

40.00

56.67

40.00

56.67

20Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20NIsbm1l

47.92

52.08

54.17

39.58

54.17

35.42

47.92

47.92

54.17

52.08

54.17

52.08

20NIs5m3

50.00

45.83

54.17

47.92

41.67

47.92

47.92

52.08

56.25

47.92

56.25

47.92

20NIs7ml

56.25

54.17

45.83

45.83

45.83

37.50

50.00

54.17

56.25

47.92

56.25

47.92

20NIs7m3

41.67

56.25

58.33

45.83

37.50

43.75

43.75

54.17

62.50

52.08

62.50

52.08

20NIs9m1

45.83

52.08

47.92

54.17

47.92

37.50

52.08

50.00

58.33

50.00

58.33

50.00

20NIs9m3

54.17

35.42

52.08

50.00

35.42

NaN

45.83

56.25

60.42

54.17

60.42

54.17

Table B.13: Tulips, sh,
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NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

50.00

39.58

41.67

39.58

39.58

43.75

43.75

43.75

45.83

47.92

45.83

47.92

10Ns5m3

52.08

35.42

37.50

43.75

54.17

NaN

50.00

45.83

47.92

47.92

47.92

47.92

10Ns7m1l

43.18

47.73

43.18

29.55

40.91

38.64

38.64

56.82

50.00

43.18

50.00

43.18

10Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10Ns9m1

33.33

36.67

43.33

36.67

43.33

26.67

30.00

50.00

46.67

50.00

46.67

50.00

10Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10NIs5m

45.83

39.58

41.67

41.67

50.00

37.50

43.75

39.58

50.00

45.83

50.00

45.83

10NIs5m3

41.67

43.75

39.58

50.00

45.83

41.67

50.00

47.92

41.67

50.00

41.67

50.00

10NIs7m1

43.75

47.92

41.67

37.50

41.67

37.50

47.92

47.92

58.33

45.83

58.33

45.83

10NIs7m3

56.25

50.00

37.50

56.25

41.67

47.92

43.75

45.83

47.92

47.92

47.92

47.92

10NIs9m1

37.50

50.00

47.92

43.75

50.00

35.42

41.67

50.00

54.17

52.08

54.17

52.08

10NIs9m3

52.08

NaN

37.50

43.75

45.83

54.17

39.58

56.25

52.08

58.33

52.08

58.33

20Ns5m1

45.83

39.58

41.67

35.42

45.83

37.50

54.17

37.50

45.83

56.25

45.83

56.25

20Ns5m3

47.92

54.17

37.50

43.75

52.08

43.75

47.92

50.00

50.00

50.00

50.00

50.00

20Ns7m1l

36.36

47.73

47.73

31.82

36.36

45.45

43.18

50.00

50.00

47.73

50.00

47.73

20Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20Ns9m1

40.00

40.00

40.00

30.00

43.33

26.67

36.67

50.00

43.33

53.33

43.33

53.33

20Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20NIs5m1

43.75

45.83

43.75

39.58

47.92

41.67

50.00

43.75

45.83

43.75

45.83

43.75

20NIs5m3

41.67

47.92

39.58

43.75

37.50

37.50

39.58

47.92

41.67

52.08

41.67

52.08

20NIs7m1

50.00

50.00

45.83

39.58

47.92

39.58

43.75

52.08

43.75

52.08

43.75

52.08

20NIs7m3

45.83

37.50

41.67

29.17

41.67

39.58

39.58

43.75

43.75

50.00

43.75

50.00

20NIs9m1

43.75

43.75

43.75

29.17

45.83

39.58

52.08

43.75

43.75

45.83

43.75

45.83

20NIs9m3

41.67

47.92

43.75

33.33

39.58

47.92

39.58

45.83

41.67

52.08

41.67

52.08

Table B.14: Tulips, a, linear scaled




NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

43.75

43.75

45.83

37.50

39.58

43.75

43.75

43.75

45.83

47.92

45.83

47.92

10Ns5m3

45.83

37.50

33.33

47.92

54.17

NaN

50.00

45.83

47.92

47.92

47.92

47.92

10Ns7m1

36.36

34.09

43.18

34.09

40.91

38.64

38.64

56.82

50.00

43.18

50.00

43.18

10Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10Ns9m1

30.00

46.67

53.33

36.67

43.33

26.67

30.00

50.00

46.67

50.00

46.67

50.00

10Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10NIs5m

37.50

45.83

41.67

37.50

50.00

37.50

43.75

39.58

50.00

45.83

50.00

45.83

10NIs5m3

45.83

47.92

47.92

39.58

45.83

41.67

50.00

47.92

41.67

50.00

41.67

50.00

10NIs7m1

41.67

52.08

50.00

45.83

41.67

37.50

47.92

47.92

58.33

45.83

58.33

45.83

10NIs7m3

37.50

47.92

33.33

39.58

41.67

47.92

43.75

45.83

47.92

47.92

47.92

47.92

10NIs9m1

37.50

39.58

43.75

37.50

50.00

35.42

41.67

50.00

54.17

52.08

54.17

52.08

10NIsOm3

39.58

45.83

41.67

43.75

45.83

54.17

39.58

56.25

52.08

58.33

52.08

58.33

20Ns5m1

45.83

43.75

54.17

29.17

45.83

37.50

54.17

37.50

45.83

56.25

45.83

56.25

20Ns5m3

52.08

41.67

37.50

47.92

52.08

43.75

47.92

50.00

50.00

47.92

50.00

47.92

20Ns7m1l

52.27

31.82

43.18

29.55

36.36

45.45

43.18

50.00

50.00

47.73

50.00

47.73

20Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20Ns9m1

50.00

43.33

46.67

30.00

43.33

26.67

36.67

50.00

43.33

53.33

43.33

53.33

20Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20NIsbm1l

52.08

54.17

45.83

31.25

47.92

41.67

50.00

43.75

45.83

43.75

45.83

43.75

20NIs5m3

41.67

56.25

47.92

43.75

37.50

37.50

39.58

47.92

41.67

52.08

41.67

52.08

20NIs7ml

45.83

50.00

56.25

31.25

47.92

39.58

43.75

52.08

43.75

52.08

43.75

52.08

20NIs7m3

45.83

50.00

41.67

41.67

41.67

39.58

39.58

43.75

43.75

50.00

43.75

50.00

20NIs9m1

52.08

45.83

43.75

31.25

45.83

39.58

52.08

43.75

43.75

45.83

43.75

45.83

20NIs9m3

52.08

54.17

31.25

29.17

39.58

47.92

39.58

45.83

41.67

52.08

41.67

52.08

Table B.15:

Tulips, jaj,

linear scaled
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NoDc

PresDc

NoDc

PresDc

NoDc

PresDc

Type

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

Cov

Cor

10Ns5m1

31.25

39.58

20.83

31.25

39.58

52.08

31.25

41.67

43.75

35.42

43.75

35.42

10Ns5m3

39.58

58.33

31.25

27.08

47.92

52.08

39.58

45.83

41.67

37.50

41.67

37.50

10Ns7m1l

36.36

38.64

31.82

25.00

34.09

45.45

31.82

38.64

38.64

40.91

38.64

40.91

10Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10Ns9m1

46.67

43.33

26.67

30.00

33.33

46.67

33.33

36.67

40.00

53.33

40.00

53.33

10Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

10NIs5m

43.75

45.83

33.33

29.17

35.42

45.83

31.25

45.83

50.00

50.00

50.00

50.00

10NIs5m3

45.83

45.83

33.33

25.00

52.08

52.08

29.17

47.92

31.25

35.42

31.25

35.42

10NIs7m1

37.50

45.83

29.17

31.25

33.33

45.83

29.17

41.67

41.67

41.67

41.67

41.67

10NIs7m3

37.50

37.50

37.50

22.92

45.83

47.92

45.83

50.00

37.50

39.58

37.50

39.58

10NIs9m1

37.50

50.00

29.17

29.17

41.67

45.83

31.25

39.58

41.67

47.92

41.67

47.92

10NIs9m3

35.42

47.92

43.75

33.33

54.17

47.92

35.42

47.92

37.50

52.08

37.50

52.08

20Ns5m1

31.25

35.42

35.42

31.25

39.58

39.58

25.00

39.58

37.50

43.75

37.50

43.75

20Ns5m3

35.42

50.00

43.75

27.08

50.00

47.92

45.83

39.58

45.83

43.75

45.83

43.75

20Ns7m1l

31.82

36.36

43.18

31.82

43.18

34.09

20.45

29.55

31.82

40.91

31.82

40.91

20Ns7m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20Ns9m1

36.67

30.00

53.33

36.67

33.33

40.00

26.67

30.00

30.00

43.33

30.00

43.33

20Ns9m3

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

NaN

20NIs5m1

39.58

41.67

39.58

35.42

37.50

35.42

39.58

43.75

35.42

39.58

35.42

39.58

20NIs5m3

37.50

58.33

37.50

29.17

41.67

54.17

41.67

45.83

35.42

35.42

35.42

35.42

20NIs7m1

31.25

31.25

41.67

31.25

39.58

47.92

33.33

41.67

37.50

47.92

37.50

47.92

20NIs7m3

39.58

37.50

37.50

27.08

43.75

39.58

41.67

43.75

37.50

47.92

37.50

47.92

20NIs9m1

37.50

33.33

39.58

22.92

43.75

39.58

33.33

41.67

35.42

41.67

35.42

41.67

20NIs9m3

33.33

52.08

43.75

27.08

47.92

43.75

25.00

43.75

45.83

43.75

45.83

43.75

Table B.16: Tulips, a2

linear scaled




Bibliography

[1] A. Adjoudani and C. Benoit. On the integration of auditory and visual parameters in
an HMM-based ASR. In Stork and Hennecke [181], pages 461 471

[2] H. C. Andrews. Introduction to Mathematical Techniques in Pattern Recogition. John
Wiley, 1983.

[3] J. A. Bangham, P. Chardaire, C. J. Pye, and P. D. Ling. Mulitscale nonlinear decompo-
sition: The sieve decomposition theorem.IEEE Trans. Pattern Analysis and Machine
Intelligence, 18(5):529 539, 1996.

[4] J. A. Bangham, R. Harvey, P. Ling, and R. V. Aldridge. Morphological scale-space
preserving transforms in many dimensions.Journal of Electronic Imaging, 5(3):283
299, July 1996.

[5] J. A. Bangham, R. Harvey, P. Ling, and R. V. Aldridge. Nonlinear scale-space from
n-dimensional sievesProc. European Conference on Computer Vision1:189 198, 1996.

[6] J. A. Bangham, S. J. Impey, and F. W. D. Woodhams. A fast 1D skve transform for
multiscale signal decomposition. InProc. European Conference on Signal and Image
Processing pages 1621 1624, 1984.

[7] J. A. Bangham, P. Ling, and R. Harvey. Scale-space from ndimear lters. |IEEE Trans.
Pattern Analysis and Machine Intelligence 18(5):520 528, 1996.

[8] J. A. Bangham, P. Ling, and R. Young. Mulitscale recursive medians, scale-space
and transforms with applications to image processinglEEE Trans. Image Processing
5(6):1043 1048, 1996.

[9] S. Basu, N. Oliver, and A. Pentland. 3D modeling and tracking of human lip motions.
In Proc. International Conference on Computer Vision, 1998.

[10] S. Basu and A. Pentland. Recovering 3D lip structure from2D observations using a
model trained from video. In Benoit and Campbell [13], pagesZl 124.

[11] S. Basu and A. Pentland. A three-dimensional model of human lip motions trained
from video. Technical Report 441, MIT, Media Laboratory, 197.

[12] L. E. Baum and J. A. Egon. An inequality and associated makmization technique
in statistical estimation for probabilistic functions of M arkov processes.Inequalities,
3:18, 1972.

[13] C. Benoit and R. Campbell, editors. Proceedings of the ESCA Workshop on Audio-
Visual Speech ProcessingRhodes, Sept. 1997.

155



156 BIBLIOGRAPHY

[14] C. Benoit, T. Guiard-Marigny, B. Le Go, and A. Adjoudani. Which components of
the face do humans and machines best speechread? In Stork aHdnnecke [181], pages
315 328.

[15] M. Black and Y. Yacoob. Tracking and recognising rigid ad non-rigid facial motions
using local parametric models of image motion. InProc. 5th Int. Conf. on Computer
Vision, pages 374 381, 1995.

[16] A. Blake, B. Bascle, M. Isard, and J. MacCormick. Statisti@l models of visual shape
and motion. Proc. Roy. Soc. Lond. A 356:1283 1302, 1998.

[17] A. Blake and M. Isard. Active Contours: The Application of Techniques from Graphcs,
Vision, Control Theory and Statistics to Visual Tracking of Shapes in Motion Springer-
Verlag, 1998.

[18] A. Blake and A. Yuille, editors. Active Vision. MIT Press, 1992.

[19] S. Boll. Suppression of acoustic noise in speech usingesfral subtraction. IEEE
Transactions on Acoustics, Speech and Signal Processing7:113 120, 1979.

[20] A. Bosson. Robustness of Scale Space$”hD thesis, School of Information Systems,
University of East Anglia, 1998.

[21] A. Bosson and R. Harvey. Using occlusion models to evalteascale space processors.
In Proc. IEEE International Conference on Image Processing 1998.

[22] L. D. Braida. Crossmodal integration in the identi cati on of consonant segmentsThe
Quarterly Journal of Experimental Psychology 43A(3):647 677, 1991.

[23] C. Bregler, H. Hild, S. Manke, and A. Waibel. Improving cownected letter recogni-
tion by lipreading. In Proc. International Conference on Acoustics, Speech and §nal
Processing volume 1, pages 557 560, Minneapolis, 1993. IEEE.

[24] C. Bregler and Y. Konig. “Eigenlips' for robust speech mognition. In Proc. Interna-
tional Conference on Acoustics, Speech and Signal Procesgj pages 669 672, Adelaide,
1994. IEEE.

[25] C. Bregler and S. M. Omohundro. Surface learning with aplications to lipreading.
In J. D. Cowan, G. Tesauro, and J. Alspector, editors,Advances in Neural Informa-
tion Processing Systemsvolume 6, pages 43 50, San Francisco, CA, 1994. Morgan
Kaufmann.

[26] C. Bregler and S. M. Omohundro.Learning Visual Models for Lipreading chapter 13,
pages 301 320. Volume 9 of Shah and Jain [173], 1997.

[27] C. Bregler, S. M. Omohundro, and Y. Konig. A hybrid approach to bimodal speech
recognition. In 28th Annual Asilomar Conference on Signals, Systems, and @uouters,
volume 1, pages 556 560, Paci ¢ Grove, CA, Nov. 1994,

[28] C. Bregler, S. M. Omohundro, and J. Shi. Towards a robust peechreading dialog
system. In Stork and Hennecke [181], pages 409 423.

[29] N. M. Brooke. Talking heads and speech recognisers thate see: The computer pro-
cessing of visual speech signals. In Stork and Hennecke [1,8dages 351 371.



BIBLIOGRAPHY 157

[30] N. M. Brooke. Using the visual component in automatic spech recognition. In Proc.
International Conference on Spoken Language Processingolume 1, pages 1656 1659,
Philadelphia, PA, Oct. 1996.

[31] N. M. Brooke. Computational aspects of visual speech: nthines that can speechread
and simulate talking faces. In Campbell et al. [41], pages B0122.

[32] N. M. Brooke and S. D. Scott. PCA image coding schemes andsual speech intelligi-
bility. Proc. Institute of Acoustics, 16(5):123 129, 1994.

[33] N. M. Brooke, S. D. Scott, and M. J. Tomlinson. Making talking heads and speechread-
ing with computers. In IEE Colloquium on Integrated Audio-Visual Processing
1996/213, pages 2/1 2/6, Savoy Place, London, Nov. 1996.

[34] N. M. Brooke, M. J. Tomlinson, and R. K. Moore. Automatic speech recognition that
includes visual speech cuesProc. Institute of Acoustics, 16(5):15 22, 1994.

[35] J. Bulwer. Philocopus, or the Deaf and Dumbe Mans FriendHumphrey and Moseley,
1648.

[36] D. Burnham and B. Dodd. Auditory-visual speech perceptio as a direct process: The
McGurk e ect in infants and across languages. In Stork and Henecke [181], pages
103 114.

[37] R. Campbell. Lipreading. In A. W. Young and H. D. Ellis, editors, Handbook of
Research on Face Processingchapter 4, pages 187 205. North-Holland, 1989.

[38] R. Campbell. The neuropsychology of lipreadingPhil. Trans. R. Soc. Lond. B, 335:39
45, 1992.

[39] R. Campbell. Seeing brains reading speech: A review argpeculations. In Stork and
Hennecke [181], pages 115 133.

[40] R. Campbell. Seeing speech in space and time: Psychdlm and neurological ndings.
In Proc. International Conference on Spoken Language Proceisg, volume 3, pages
1493 1496, Philadelphia, PA, Oct. 1996.

[41] R. Campbell, B. Dodd, and D. Burnham, editors. Hearing by Eye Il. Advances in the
Psychology of Speechreading and Auditory-visual SpeedRsychology Press, 1998.

[42] D. Chandramohan and P. L. Silsbee. A multiple deformatd template approach for
visual speech recognition. InProc. International Conference on Spoken Language Pro-
cessing volume 1, pages 50 53, Philadelphia, PA, Oct. 1996.

[43] C. Chateld and A. J. Collins. Introduction to Multivariate Analysis. Chapman and
Hall, 1991.

[44] R. Chellappa, C. L. Wilson, and S. Sirohey. Human and mdgne recognition of faces: a
survey. Proceedings of the IEE 83(5):705 740, May 1995.

[45] T. Chen and R. R. Rao. Audio-visual integration in multimodal communication. Pro-
ceedings of the |IEEE 86(5):837 852, May 1998.



158 BIBLIOGRAPHY

[46] C. C. Chibelushi, S. Gandon, J. S. D. Mason, F. Deravi, ath R. D. Johnston. Desing
issues for a digital audio-visual integrated database. INEE Colloquium on Integrated
Audio-Visual Processing number 1996/213, pages 7/1 7/7, Savoy Place, London, Nov.
1996.

[47] J. Clark and C. Yallop. An Introduction to Phonetics and Phonology Blackwell, second
edition, 1995.

[48] T. Coianiz, L. Torresani, and B. Caprile. 2D deformable nodels for visual speech
analysis. In Stork and Hennecke [181], pages 391 398.

[49] T. F. Cootes, G. J. Edwards, and C. J. Taylor. Active apparance models. InProc.
European Conference on Computer Visionpages 484 498, June 1998.

[50] T. F. Cootes, A. Hill, C. J. Taylor, and J. Haslam. The useof active shape models for
locating structures in medical images. Image and Vision Computing 12(6):355 366,
1994,

[51] T. F. Cootes and C. J. Taylor. Active shape models “smarsnakes'. In D. Hogg and
R. Boyle, editors, Proc. British Machine Vision Conference, pages 266 275. BMVA
Press, 1992.

[52] T. F. Cootes and C. J. Taylor. Active shape model searchsing local grey-level mod-
els: a quantitative evaluation. In J. lllingworth, editor, Proc. British Machine Vision
Conference pages 639 648. BMVA Press, 1993.

[53] T. F. Cootes, C. J. Taylor, D. H. Cooper, and J. Graham. Trmining models of shape
from sets of examples. In D. Hogg and R. Boyle, editorsProc. British Machine Vision
Conference pages 9 18. BMVA Press, 1992.

[54] T. F. Cootes, C. J. Taylor, D. H. Cooper, and J. Graham. Agdive shape models their
training and application. Computer Vision and Image Understanding61(1):38 59, Jan.
1995.

[55] T. F. Cootes, C. J. Taylor, and A. Lanitis. Active shape models: Evaluation of a
multiresolution method for improving image search. In E. Hancock, editor, Proc. British
Machine Vision Conference pages 327 336, 1994.

[56] S. Cox, I. Matthews, and A. Bangham. Combining noise comgnsation with visual
information in speech recognition. In Benoit and Campbell [B], pages 53 56.

[57] S. J. Cox. Hidden Markov models for automatic speech regnition: theory and appli-
cation. British Telecom Technical Journal, 6(2):105 115, Apr. 1988.

[58] B. Dalton, R. Kaucic, and A. Blake. Automatic speechreadng using dynamic contours.
In Stork and Hennecke [181], pages 373 382.

[59] B. V. Dasarathy. Sensor fusion and potential exploitatbn inovative architectures and
illustrative approaches. Proc. IEEE, 85(1):24 38, Jan. 1997.

[60] S. Davis and P. Mermelstein. Comparison of parametric apresentations for mono-
syllabic word recognition in continuously spoken sentence IEEE Transactions on
Acoustics, Speech and Signal Processing8(4):357 366, Aug. 1980.



BIBLIOGRAPHY 159

[61] B. Dodd and R. Campbell, editors. Hearing by Eye: The Psychology of Lip-reading
Lawrence Erlbaum Associates, London, 1987.

[62] E. R. Dougherty and J. Astola. An Introduction to Nonlinear Image Processing vol-
ume 16 of TT. SPIE, 1994.

[63] P. Duchnowski, M. Hunke, D. Bisching, U. Meier, and A. Wabel. Toward movement-
invariant automatic lip-reading and speech recognition. h Proc. International Confer-
ence on Spoken Language Processingages 109 112, 1995.

[64] P. Duchnowski, U. Meier, and A. Waibel. See me, hear mentegrating automatic speech
recognition and lip-reading. In Proc. International Conference on Spoken Language
Processing 1994.

[65] G.J. Edwards, T. F. Cootes, and C. J. Taylor. Face recogdition using active appearance
models. InProc. European Conference on Computer Visionpages 582 595, June 1998.

[66] N. P. Erber. Auditory-visual perception of speech. Journal of Speech and Hearing
Disorders, 40:481 492, 1975.

[67] K. E. Finn and A. A. Montgomery. Automatic optically-ba sed recognition of speech.
Pattern Recognition Letters, 8(3):159 164, 1988.

[68] J. Fransen, D. Pye, T. Robinson, P. Woodland, and S. Youg. WSJCAMO corpus and
recording description. Technical Report TR.192, Cambridg University, Engineering
Department, Speech Group, Sept. 1994.

[69] M. French-St. George and R. G. Stoker. Speechreading:nfhistorical perspective. The
Volta Review, 90(5):17 31, Sept. 1988.

[70] A. J. Goldschen.Continuous Automatic Speech Recognition by LipreadingPhD thesis,
George Washington University, 1993.

[71] A. J. Goldschen, O. N. Garcia, and E. D. Petajan. Rationte for phoneme-viseme
mapping and feature selection in visual speech recognitiorin Stork and Hennecke [181],
pages 505 515.

[72] A. J. Goldschen, O. S. Garcia, and E. D. Petajan. Continuous Automatic Speech
Recognition by Lipreading chapter 14, pages 321 343. Volume 9 of Shah and Jain [173],
1997.

[73] M. S. Gray, J. R. Movellan, and T. J. Sejnowski. Dynamic &atures for visual speechread-
ing: A systematic comparison. In M. C. Mozer, M. |. Jordon, ard T. Petsche, editors,
Advances in Neural Information Processing Systemsvolume 9. MIT Press, Cambridge,
MA, 1997.

[74] K. P. Green. The use of auditory and visual information h phonetic perception. In
Stork and Hennecke [181], pages 55 77.

[75] K. P. Green. The use of auditory and visual information diring phonetic processing: im-
plications for theories of speech perception. In Campbelltel. [41], pages 3 25.

[76] J. K. Hackett and M. Shah. Multi-sensor fusion: A perspetive. In Proc. IEEE Conf.
on Robotics and Automation 1324 1330, 1990.



160 BIBLIOGRAPHY

[77] D. L. Hall and J. Llinas. An introduction to multisensor data fusion. Proc. IEEE,
85(1):6 23, Jan. 1997.

[78] R. M. Haralick, S. R. Sternberg, and X. Zhuang. Image arlgsis using mathematical
morphology. IEEE Trans. Pattern Analysis and Machine Intelligence 9(4):532 550,
July 1987.

[79] R. Harvey, A. Bosson, and J. A. Bangham. Robustness of sonseale-spaces. IriProc.
British Machine Vision Conference, volume 1, pages 11 20, 1997.

[80] R. Harvey, I. Matthews, J. A. Bangham, and S. Cox. Lip readhg from scale-space
measurements. InProc. Computer Vision and Pattern Recognition pages 582 587,
Puerto Rico, June 1997. IEEE.

[81] J.Haslam, C. J. Taylor, and T. F. Cootes. A probabilistic thess measure for deformable
template models. In Proc. British Machine Vision Conference, pages 33 42. BMVA
Press, 1994.

[82] M. E. Hennecke.Audio-Visual Speech Recognition: Preprocessing, Learnijmand Sensory
Integration. PhD thesis, Stanford University, Sept. 1997.

[83] M. E. Hennecke, K. V. Prasad, and D. G. Stork. Using defanable templates to infer
visual speech dynamics. Ir28th Annual Asilomar Conference on Signals, Systems, and
Computers volume 1, pages 578 582, 1994.

[84] M. E. Hennecke, K. V. Prasad, and D. G. Stork. Automatic eech recognition system
using acoustic and visual signals. In29th Annual Asilomar Conference on Signals,
Systems, and ComputersPaci ¢ Grove, CA, Nov. 1995.

[85] M. E. Hennecke, D. G. Stork, and K. V. Prasad. Visionary peech: Looking ahead to
practical speechreading systems. In Stork and Hennecke [IJ8 pages 331 349.

[86] A. Hilland C. J. Taylor. Automatic landmark generation for point distribution models.
In Proc. British Machine Vision Conference, pages 429 438, 1994.

[87] H. Hotelling. Analysis of a complex of statistical varables into principal components.
Journal of Educational Psychology 23:417 441, 498 520, 1933.

[88] P. L. Jackson, A. A. Montgomery, and C. A. Binnie. Perceptial dimensions underlying
vowel lipreading performance. Journal of Speech and Hearing Resear¢hl9:796 812,
1976.

[89] R. A. Johnson and D. W. Wichern. Applied Multivariate Statistical Analysis. Prentice-
Hall, third edition, 1992.

[90] T. R. Jordan and P. C. Sergeant. E ects of facial image gie on visual and audio-visual
speech recogniton. In Campbell et al. [41], pages 155 176.

[91] M. Kass, A. Witkin, and D. Terzopoulos. Snakes: Active ontour models. International
Journal of Computer Vision, 1(4):321 331, 1988.

[92] R. Kaucic and A. Blake. Accurate, real-time, unadornedip tracking. In Proc 6th Int.
Conf. Computer Vision, 1998.



BIBLIOGRAPHY 161

[93] R. Kaucic, B. Dalton, and A. Blake. Real-time lip tracking for audio-visual speech
recognition applications. In B. Buxton and R. Cipolla, editors, Proc. European Con-
ference on Computer Vision volume |l of Lecture Notes in Computer Science pages
376 387, Cambridge, Apr. 1996. Springer-Verlag.

[94] R. Kaucic, D. Reynard, and A. Blake. Real-time lip trackes for use in audio-
visual speech recognition. InlEE Colloquium on Integrated Audio-Visual Processing
1996/213, pages 3/1 3/6, Savoy Place, London, Nov. 1996.

[95] J. Kittler, M. Hatef, R. P. W. Duin, and J. Matas. On combi ning classi ers. IEEE
Transactions on Pattern Analysis and Machine Intelligence 20(3):226 239, Mar. 1998.

[96] J. J. Koenderink. The structure of images.Biological Cybernetics 50:363 370, 1984.

[97] P. B. Kricos. Dierences in visual intelligibility acro ss talkers. In Stork and Hennecke
[181], pages 43 53.

[98] G. Krone, B. Talle, A. Wichert, and G. Palm. Neural architectures for sensorfusion in
speechrecognition. In Benoit and Campbell [13], pages 57 60

[99] W. J. Krzanowski. Principles of Multivariate Analysis: A User's Perspective Oxford
Statistical Science. Oxford University Press, 1996.

[100] P. K. Kuhl and A. N. Meltzo . The bimodal perception of speech in infancy. Science
218:1138 1141, Dec. 1982.

[101] P. Ladefoged.A Course In Phonetics Harcourt Brace, third edition, 1993.

[102] C. H. Lee, J. S. Kim, and K. H. Park. Automatic human facelocation in a complex
background using motion and color information. Pattern Recognition, 29(11):1877
1889, 1996.

[103] S. E. Levinson, L. R. Rabiner, and M. M. Sondhi. An intrauction to the applica-
tion of the theory of probabilistic functions of a markov process to automatic speech
recognition. The Bell System Technical Journal 62(4):1035 1074, Apr. 1983.

[104] N. Li, S. Dettmer, and M. Shah. Visually Recognizing Speech Using Eigensequences
chapter 15, pages 345 371. Volume 9 of Shah and Jain [173],9R

[105] T. Lindeberg. Scale-Space Theory in Computer Vision Kluwer Academic, 1994.

[106] J. Luettin. Towards speaker independent continuous peechreading. InProc. of the
European Conference on Speech Communication and Technojodl997.

[107] J. Luettin. Visual Speech and Speaker RecognitiorPhD thesis, University of She eld,
May 1997.

[108] J. Luettin and S. Dupont. Continuous audio-visual spech recognition. InProc. Euro-
pean Conference on Computer Visionpages 657 673, June 1998.

[109] J. Luettin and N. A. Thacker. Speechreading using proabilistic models. Computer
Vision and Image Understanding 65(2):163 178, Feb. 1997.

[110] J. Luettin, N. A. Thacker, and S. W. Beet. Active shape malels for visual feature
extraction. In Stork and Hennecke [181], pages 383 390.



162 BIBLIOGRAPHY

[111] J. Luettin, N. A. Thacker, and S. W. Beet. Learning to remgnise talking faces. InPro-
ceedings of the International Conference on Pattern Recogtion (ICPR'96) , volume 4,
pages 55 59. IAPR, 1996.

[112] J. Luettin, N. A. Thacker, and S. W. Beet. Locating and tracking facial speech features.
In Proceedings of the International Conference on Pattern Ragnition (ICPR'96) , vol-
ume 1, pages 652 656. IAPR, 1996.

[113] J. Luettin, N. A. Thacker, and S. W. Beet. Speaker identication by lipreading. In
Proceedings of the 4th International Conference on Spokenahguage Processing (IC-
SLP'96), volume 1, pages 62 65, 1996.

[114] J. Luettin, N. A. Thacker, and S. W. Beet. Speechreadingusing shape and intensity
information. In Proceedings of the 4th International Conference on Spokenahguage
Processing (ICSLP'96), volume 1, pages 58 61, 1996.

[115] J. Luettin, N. A. Thacker, and S. W. Beet. Statistical lip modelling for visual speech
recognition. In G. Ramponi, G. L. Sicuranza, S. Carrato, andS. Marsi, editors, Signal
Processing VIII Theories and Applications, volume |, pages 137 140, Trieste, Sept.
1996.

[116] J. Luettin, N. A. Thacker, and S. W. Beet. Visual speech ecognition using active shape
models and hidden markov models. InProc. International Conference on Acoustics,
Speech and Signal Processingolume 2, pages 817 820, Atlanta, GA, May 1996. IEEE.

[117] J. MacDonald and H. McGurk. Visual in uences on speeclperception processesPer-
ception and Psychophysics24:253 257, 1978.

[118] P. C. Mahalanobis. On the generalised distance in statics. Proc. National Institute
Science Indig 2:49 55, 1936.

[119] M. W. Mak and W. G. Allen. Lip-motion analysis for spee&n segmentation in noise.
Speech Communication14:279 296, 1994.

[120] M. W. Mak and W. G. Allen. A lip-tracking system based onmorphological processing
and block matching techniques. Signal Processing: Image Communication6:335 348,
1994,

[121] K. Mase and A. Pentland. Automatic lipreading by optical- ow analysis. Systems and
Computers in Japan 22(6):67 75, 1991.

[122] D. W. Massaro. Speech perception by ear and eye. In Dodthd Campbell [61], pages
53 85.

[123] D. W. Massaro. Bimodal speech perception: A progresspert. In Stork and Hennecke
[181], pages 79 101.

[124] D. W. Massaro and M. M. Cohen. Evaluation and integraton of visual and audi-
tory information in speech perception. Journal of Experimental Psychology: Human
Perception and Performance 9(5):753 771, 1983.

[125] D. W. Massaro and D. G. Stork. Speech recognition and ssory integration. American
Scientist, 86, May 1998.

[126] G. Matheron. Random Sets and Integral GeometryWiley, 1975.



BIBLIOGRAPHY 163

[127] I. Matthews, J. A. Bangham, and S. Cox. Audiovisual speeh recognition using mul-
tiscale nonlinear image decomposition. InProc. International Conference on Spoken
Language Processingvolume 1, pages 38 41, Philadelphia, PA, Oct. 1996.

[128] I. Matthews, J. A. Bangham, and S. Cox. Scale based feates for audiovisual speech
recognition. In IEE Colloquium on Integrated Audio-Visual Processing 1996/213, pages
8/1 8/7, Savoy Place, London, Nov. 1996.

[129] I. Matthews, J. A. Bangham, R. Harvey, and S. Cox. A compason of active shape
model and scale decomposition based features for visual gmh recognition. In Proc.
European Conference on Computer Visionpages 514 528, June 1998.

[130] I. Matthews, J. A. Bangham, R. Harvey, and S. Cox. Nonlirar scale decomposition
based features for visual speech recognition. IRUSIPCO'98, page Accepted, 1998.

[131] I. Matthews, T. Cootes, S. Cox, R. Harvey, and J. A. Bangham. Lipreading from shape,
shading and scale. InProc. Auditory-Visual Speech Processing page Accepted, Dec.
1998.

[132] I. Matthews, T. Cootes, S. Cox, R. Harvey, and J. A. Banghm. Lipreading from shape,
shading and scale. InProc. Institute of Acoustics, page Accepted, Nov. 1998.

[133] M. McGrath and Q. Summer eld. Intermodal timing relat ions and audio-visual speech
recognition. Journal of the Acoustical Society of America 77(2):678 685, Feb. 1985.

[134] M. McGrath, Q. Summer eld, and N. M. Brooke. Roles of lips and teeth in lipreading
vowels. Proc. Institute of Acoustics, 6(4):401 408, 1984.

[135] H. McGurk and J. McDonald. Hearing lips and seeing vois. Nature, 264:746 748,
Dec. 1976.

[136] U. Meier, W. Hiurst, and P. Duchnowski. Adaptive bimodd sensor fusion for automatic
speechreading. InProc. International Conference on Acoustics, Speech and §nal Pro-
cessing volume 2, pages 833 836, Atlanta, GA, May 1996. IEEE.

[137] U. Meier, R. Stiefelhagen, and J. Yang. Preprocessiraf visual speech under real world
conditions. In Benoit and Campbell [13], pages 113 116.

[138] A. Mitiche and J. K. Aggarwal. Multiple sensor integration/fusion through image
processing a review.Optical Engineering, 25(3):380 386, Mar. 1986.

[139] A. A. Montgomery and P. L. Jackson. Physical charactastics of the lips underlying
vowel lipreading performance.Journal of the Acoustical Society of America 73(6):2134
2144, June 1983.

[140] R. Moore. Recognition the stochastic modelling approach. In C. Rowden, editor,
Speech Processingchapter 7, pages 223 255. McGraw-Hill, 1992.

[141] J. R. Movellan. Visual speech recognition with stochstic networks. In G. Tesauro,
D. Toruetzky, and T. Leen, editors, Advances in Neural Information Processing Sys-
tems volume 7. MIT Press, Cambridge, MA, 1995.

[142] J. R. Movellan and G. Chadderdon. Channel seperabilitin the audio visual integration
of speech: A bayesian approach. In Stork and Hennecke [18pRhges 473 487.



164 BIBLIOGRAPHY

[143] J. R. Movellan and P. Mineiro. Modularity and catastrophic fusion: A bayesian approach
with applications to audiovisual speech recognition. Techical Report 97.01, University
of California, San Diego, Department of Cognitive ScienceJan. 1996.

[144] K. G. Munhall and E. Vatikiots-Bateson. The moving faceduring speech communica-
tion. In Campbell et al. [41], pages 123 139.

[145] K. K. Neely. E ect of visual factors on the intelligibility of speech. Journal of the
Acoustical Society of Americg 28(6):1275 1277, Nov. 1956.

[146] J. A. Nelder and R. Mead. A simplex method for function nnimisation. Computer
Journal, 7(4):308 313, 1965.

[147] E. H. Nitchie. New Lessons in Lipreading J.B. Lippincutt, 1950.

[148] J. J. O'Neill. Contributions of the visual components of oral symbols to speech com-
prehension. Journal of Speech and Hearing Disorders19:429 439, 1954,

[149] P. Perona and J. Malik. Scale-space and edge detectiarsing anisotropic di usion.
IEEE Trans. Pattern Analysis and Machine Intelligence 12(7):629 639, July 1990.

[150] E. Petajan and H. P. Graf. Robust face feature analysi$or automatic speechreading
and character animation. In Stork and Hennecke [181], page425 436.

[151] E. D. Petajan. Automatic Lipreading to Enhance Speech Recognition PhD thesis,
University of lllinois, Urbana-Champaign, 1984.

[152] E. D. Petajan, B. J. Bischo, D. A. Bodo, and N. M. Brooke. An improved automatic
lipreading system to enhance speech recognition. TechnicReport TM 11251-871012-
11, AT&T Bell Labs, Oct. 1987.

[153] C. Pirazzi et al. The pixel rosetta stone: Packings and colorspaces.
http://reality.sgi.com/~pirazzi , 1998.

[154] I. Pitas and A. N. Venetsanopoulos.Nonlinear Digital Filters: Principles and Applica-
tions. Kluwer Academic, 1991.

[155] G. Potamianos, Cosatto, H. P. Graf, and D. B. Roe. Speakéndependent audio-visual
database for bimodal ASR. In Benoit and Campbell [13], pages5668.

[156] C. A. Poynton. A Technical Inroduction to Digital Video. John Wiley & Sons, Inc.,
1996.

[157] K. V. Prasad, D. G. Stork, and G. J. Wol. Preprocesing video images for neural
learning of lipreading. Technical Report CRC-TR-9326, Rioh California Research
Center, 1993.

[158] W. H. Press, S. A. Teukosky, W. T. Vetterling, and B. P. Flannery. Numerical Recipies
in C: The Art of Scientic Computing . Cambridge University Press, second edition,
1995.

[159] L. Rabiner and B.-H. Juang. Fundamentals of Speech RecognitionSignal Processing.
Prentice Hall, 1993.

[160] L. R. Rabiner. A tutorial on hidden Markov models and séected applications in speech
recognition. Proceedings of the IEEE 77(2):257 285, Feb. 1989.



BIBLIOGRAPHY 165

[161] R. R. Rao and R. M. Mesereau. Lip modelling for visual spech recognition. In28th An-
nual Asilomar Conference on Signals, Systems, and Computgrvolume 1, pages 587
590, 1994.

[162] D. Reisberg, J. McLean, and A. Gold eld. Easy to hear bt hard to understand: A
lip-reading advantage with intact auditory stimuli. In Dod d and Campbell [61], pages
97 113.

[163] J. Robert-Ribes, M. Piquemal, J.-L. Schwartz, and P. BEcudier. Exploiting sensor
fusion architectures and stimuli complementarity in AV speech recognition. In Stork
and Hennecke [181], pages 193 210.

[164] A. Rogozan, P. Deléglise, and M. Alissali. Adaptive dermination of audio and visual
weights for automatic speech recognition. In Benoit and Camipell [13], pages 61 64.

[165] L. D. Rosenblum and H. M. Saldafia. An audiovisual test bkinematic primitives for
visual speech perceptionJournal of Experimental Psychology 22(2):318 331, 1996.

[166] L. D. Rosenblum and H. M. Saldafia. Time-varying infornation for visual speech
perception. In Campbell et al. [41], pages 61 81.

[167] T. Rowntree. The intelligent aircraft. IEE Review, pages 23 27, Jan. 1993.

[168] M. U. R. Sanchez, J. Matas, and J. Kittler. Statistical chromaticity-based lip tracking
with B-splines. In Proc. International Conference on Acoustics, Speech and §nal
Processing Munich, Apr. 1997.

[169] J.-L. Schwartz, J. Robert-Ribes, and P. Escudier. Tenyears after Summereld: a
taxonomy of models for audio-visual fusion in speech percépn. In Campbell et al. [41],
pages 85 108.

[170] J. Serra. Image Analysis and Mathematical Morphologyvolume 1. Academic Press,
1982.

[171] J. Serra. Introduction to mathematical morphology. Computer Vision, Graphics and
Image Processing 35:283 305, 1986.

[172] J. Serra. Image Analysis and Mathematical Morphologyvolume 2. Academic Press,
1988.

[173] M. Shah and R. Jain, editors. Motion-Based Recognition volume 9 of Computational
Imaging and Vision. Kluwer Academic, 1997.

[174] R. Sharma, V. I. Pavlovi¢, and T. S. Huang. Toward multmodal human-computer
interface. Proc. IEEE, 86(5):853 869, May 1998.

[175] P. L. Silsbee.Computer Lipreading for Improved Accuracy in Automatic Spech Recog-
nition. PhD thesis, The University of Texas, Austin, Dec. 1993.

[176] P. L. Silsbee. Motion in deformable templates. IfProc. IEEE International Conference
on Image Processingvolume 1, pages 323 327, 1994.

[177] P. L. Silsbee. Audiovisual sensory integration usindpidden markov models. In Stork
and Hennecke [181], pages 489 496.



166 BIBLIOGRAPHY

[178] P. L. Silsbee. Computer lipreading for improved accuacy in automatic speech recog-
nition. IEEE Transactions on Speech and Audio Processing4(5):337 351, Sept. 1996.

[179] P. L. Silshee and A. C. Bovik. Medium vocabulary audiovdual speech recognition. In
New Advances and Trends in Speech Recogntion and Codjmpges 13 16. NATO ASI,
1993.

[180] D. G. Stork, editor. HAL's Legacy: 2001's Computer as Dream and RealityMIT Press,
1997.

[181] D. G. Stork and M. E. Hennecke, editors. Speechreading by Humans and Machines:
Models, Systems and Applicationsvolume 150 of NATO ASI Series F: Computer and
Systems SciencesSpringer-Verlag, Berlin, 1996.

[182] W. H. Sumby and I. Pollack. Visual contribution to speeh intelligibility in noise.
Journal of the Acoustical Society of America 26(2):212 215, Mar. 1954.

[183] Q. Summer eld. Some preliminaries to a comprehensivaccount of audio-visual speech
perception. In Dodd and Campbell [61], pages 3 51.

[184] Q. Summer eld. Lipreading and audio-visual speech peeption. Phil. Trans. R. Soc.
Lond. B, 335:71 78, 1992.

[185] Q. Summer eld and M. McGrath. Detection and resolution of audio-visual incom-
patibility in the perception of vowels. Quarterly Journal of Experimental Psychology
36(A):51 74, 1984.

[186] M. J. Tomlinson, M. J. Russell, and N. M. Brooke. Integrding audio and visual infor-
mation to provide highly robust speech recognition. InProc. International Conference
on Acoustics, Speech and Signal Processingolume 2, pages 821 824, Atlanta, GA,
May 1996. IEEE.

[187] J. Utley. A test of lip reading ability. Journal of Speech Disorders11:109 116, 1946.

[188] E. Vatikiotis-Bateson, K. G. Munhall, and M. Hirayama. The dynamics of audiovisual
behavior in speech. In Stork and Hennecke [181], pages 2282

[189] E. Vatikiotis-Bateson, K. G. Munhall, Y. Kasahara, F. Garcia, and H. Yehia. Charac-
terizing audiovisual information during speech. InProc. International Conference on
Spoken Language Processingolume 3, pages 1485 1488, Philadelphia, PA, Oct. 1996.

[190] M. Vogt. Fast matching of a dynamic lip model to color video sequences under regular
illumination conditions. In Stork and Hennecke [181], pags 399 407.

[191] M. Vogt. Interpreted multi-state lip models for audio-visual speech recognition. In
Benoit and Campbell [13], pages 125 128.

[192] B. E. Walden, R. A. Prosek, A. A. Montgomery, C. K. Schert and C. J. Jones. E ects
of training on the visual recognition of consonants. Journal of Speech and Hearing
Research 20:130 145, 1977.

[193] A. P. Witkin. Scale-space ltering. Proc. 8th International Joint Conference on Arti-
cial Intelligence, 2:1019 1022, 1983.



BIBLIOGRAPHY 167

[194] S. Young, J. Jansen, J. Odell, D. Ollason, and P. Woodtad. The HTK Book. Cambridge
University, 1996.

[195] B. P. Yuhas, M. H. Goldstein, Jr., and T. J. Sejnowski. Iriegration of acoustic and
visual speech signals using neural networkdEEE Communications Magazine 27:65
71, 1989.

[196] B. P. Yuhas, M. H. Goldstein, Jr., T. J. Sejnowski, and R.E. Jenkins. Neural network
models of sensory integration for improved vowel recognitin. Proceedings of the IEEE
78(10):1658 1667, Oct. 1990.

[197] A. L. Yuille, P. W. Hallinan, and D. S. Cohen. Feature exraction from faces using
deformable templates. International Journal of Computer Vision, 8(2):99 111, 1992.



