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INTRODUCTION

We have made significant progressamtomatic speech recognitigASR) for well-defined applications like
dictation and medium vocabulary transaction processing tasks in relatively controlled environments. How-
ever, ASR performance has yet to reach the level required for speech to becomepanvalive user inter-

face Indeed, even in “clean” acoustic environments, and for a variety of tasks, state of the art ASR system
performance lags human speech perception by up to an order of magnitude (Lippmann, 1997). In addition,
current systems are quite sensitive to channel, environment, and style of speech variations. A number of
techniques for improving ASRobustnesfiave met limited success in severely degraded environments, mis-
matched to system training (Ghitza, 1986; Nadas et al., 1989; Juang, 1991; Liu et al., 1993; Hermansky and
Morgan, 1994; Neti, 1994; Gales, 1997; Jiang et al., 2001). Clearly, novel, non-traditional approaches, that
use orthogonal sources of information to the acoustic input, are needed to achieve ASR performance closer to
the human speech perception level, and robust enough to be deployable in field applivédissispeecis

the most promising source of additional speech information, and it is obviously not affected by the acoustic
environment and noise.

Human speech perceptionbgnodalin nature: Humans combine audio and visual information in deciding
what has been spoken, especially in noisy environments. The visual modality benefit to speech intelligibility
in noise has been quantified as far back as in Sumby and Pollack (1954). Furthermore, bimodal fusion of
audio and visual stimuli in perceiving speech has been demonstrated bjctherk effec{McGurk and
MacDonald, 1976). For example, when the spoken sound /ga/ is superimposed on the video of a person
uttering /ba/, most people perceive the speaker as uttering the sound /da/. In addition, visual speech is of
particular importance to thigearing impaired Mouth movement is known to play an important role in both

sign language and simultaneous communication between the deaf (Marschark et al., 1998). The hearing
impaired speechread well, and possibly better than the general population (Bernstein et al., 1998).

There are three key reasons why vision benefits human speech perception (Summerfield, 1987): It helps
speaker (audio source) localization, it contains speech segmental information that supplements the audio, and
it provides complimentary information about thkace of articulation The latter is due to the partial or full
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Figure 1: The main processing blocks of an audio-visual automatic speech recognizer. The visual front end
design and the audio-visual fusion modules introduce additional challenging tasks to automatic recognition
of speech, as compared to traditional audio-only ASR. They are discussed in detail in this chapter.

visibility of articulators, such as the tongue, teeth, and lips. Place of articulation information can help disam-
biguate, for example, the unvoiced consonants /p/ (a bilabial) and /k/ (a velar), the voiced consonant pair /b/
and /d/ (a bilabial and alveolar, respectively), and the nasal /m/ (a bilabial) from the nasal alveolar /n/ (Mas-
saro and Stork, 1998). All three pairs are highly confusable on basis of acoustics alone. In addition, jaw and
lower face muscle movementis correlated to the produced acoustics (Yehia et al., 1998; Barker and Berthom-
mier, 1999), and its visibility has been demonstrated to enhance human speech perception (Summerfield et
al., 1989; Smeele, 1996).

The above facts have motivated significant interest in automatic recognition of visual speech, formally known
asautomatic lipreadingor speechreadingStork and Hennecke, 1996). Work in this field aims at improv-

ing ASR by exploiting the visual modality of the speaker’s mouth region in addition to the traditional au-

dio modality, leading tcaudio-visual automatic speech recognitispstems. Not surprisingly, including

the visual modality has been shown to outperform audio-only ASR over a wide range of conditions. Such
performance gains are particularly impressive in noisy environments, where traditional acoustic-only ASR
performs poorly. Improvements have also been demonstrated when speech is degraded due to speech im-
pairment (Potamianos and Neti, 2001a) &manbardeffects (Huang and Chen, 2001). Coupled with the
diminishing cost of quality video capturing systems, these facts make automatic speechreading tractable for
achieving robust ASR in certain scenarios (Hennecke et al., 1996).

Automatic recognition of audio-visual speech introduces new and challenging tasks compared to traditional,
audio-only ASR. The block-diagram of Figure 1 highlights these: In addition to the usual audio front end
(feature extraction stage), visual features that are informative about speech must be extracted from video of
the speaker’s face. This requires robust face detection, as well as location estimation and tracking of the
speaker’s mouth or lips, followed by extraction of suitable visual features. In contrast to audio-only recogniz-
ers, there are notwo streams of features available for recognition, one for each modality. The combination

of the audio and visual streams should ensure that the resulting system performance is better than the best of
the two single modality recognizers, and hopefully, significantly outperformit. Both issues, nameisttale

front end desigrandaudio-visual fusionconstitute difficult problems, and they have generated significant
research work by the scientific community.

Indeed, since the mid-eighties, over a hundred articles have concentrated on audio-visual ASR, with the vast
majority appearing during the last decade. The first automatic speechreading system was reported by Petajan
(1984). Given the video of the speaker’s face, and by using simple image thresholding, he was able to extract
binary (black and white) mouth images, and subsequently, mouth height, width, perimeter, and area, as visual
speech features. He then developed a visual-only recognizer based on dynamic time warping (Rabiner and
Juang, 1993) to rescore the best two choices of the output of the baseline audio-only system. His method
improved ASR for a single-speaker, isolated word recognition task on a 100-word vocabulary that included
digits and letters. Petajan’s work generated significant excitement, and soon various sites established research
in audio-visual ASR. Among the pioneer sites was the group headed by Christiant Betité Institute
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de la Communication Pa# (ICP), in Grenoble, France. For example, Adjoudani and B¢h896) have
investigated the problem of audio-visual fusion for ASR, and compared early vs. late integration strategies. In
the latter case, they considered modality reliability estimation based on the dispersion of the likelihoods of the
top four recognized words using the audio-only and visual-only inputs. They reported significant ASR gains
on a single-speaker corpus of 54 French non-sense words. Later, they developed a multimedia platform for
audio-visual speech processing, containing a head mounted camera to robustly capture the speaker’'s mouth
region (Adjoudani et al., 1997). Recently, work at ICP has continued in this arena, with additional audio-
visual corpora collected (French connected letters and English connected digits) and a new audio-visual ASR
system reported by Heckmann et al. (2001).

As shown in Figure 1, audio-visual ASR systems differ in three main aspects (Hennecke et al., 1996): The
visual front end design, the audio-visual integration strategy, and the speech recognition method used. Un-
fortunately, the diverse algorithms suggested in the literature for automatic speechreading are very difficult
to compare, as they are rarely tested on a common audio-visual database. In addition, until very recently
(Neti et al., 2000), audio-visual ASR studies have been conducted on databases of small duration, and, in
most cases, limited to a very small number of speakers (mostly less than ten, and often single-subject) and to
small vocabulary tasks (Hennecke et al., 1996; Chibelushi et al., 1996, 2002). Such tasks are typically non-
sense words (Adjoudani and Bahydl996; Su and Silsbee, 1996), isolated words (Petajan, 1984; Movellan
and Chadderdon, 1996; Matthews et al., 1996; Chan et al., 1998; Dupont and Luettin, 2000; Gurbuz et al.,
2001; Huang and Chen, 2001; Nefian et al., 2002), connected letters (Potamianos et al., 1998), connected
digits (Potamianos et al., 1998; Zhang et al., 2000), closed-set sentences (Goldschen et al., 1996), or small-
vocabulary continuous speech (Chu and Huang, 2000). Databases are commonly recorded in English, but
other examples are French (Adjoudani and Beri®96; Alissali et al., 1996; AnérObrecht et al., 1997;
Teissier et al., 1999; Dupont and Luettin, 2000), German (Bregler et al., 1993; Krone et al., 1997), Japanese
(Nakamura et al., 2000), and Hungarian (Czap, 2000). However, if the visual modality is to become a vi-
able componentin real-word ASR systems, research work is required on larger vocabulary tasks, developing
speechreading systems on data of sizable duration and of large subject populations. A first attempt towards
this goal was the authors’ work during the Johns Hopkins summer 2000 workshop (Neti et al., 2000), where a
speaker-independeatidio-visual ASR system fdarge vocabulary continuous speech recognitibiCSR)

was developed for the first time. Significant performance gains in both clean and noisy audio conditions were
reported.

In this chapter, we present the main techniques for audio-visual speech recognition that have been developed
over the past two decades. We first discuss the visual feature extraction problem, followed by audio-visual
fusion. In both cases, we provide details of some of the techniques employed during the Johns Hopkins
summer 2000 workshop (Neti et al., 2000). We also consider the problem of audio-visual speaker adapta-
tion, an issue of significant importance when building speaker specific models, or developing systems across
databases. We then discuss the main audio-visual corpora, used in the literature for ASR experiments, in-
cluding the IBM audio-visual LVCSR database. Subsequently, we present experimental results on automatic
speechreading and audio-visual ASR. As an application of speaker adaptation, we consider the problem of
automatic recognition of impaired speech. Finally, we conclude the chapter with a discussion on the current
state of audio-visual ASR, and on what we view as open problems in this area.

VISUAL FRONT ENDS FOR AUTOMATIC SPEECHREADING

As it was briefly mentioned in the Introduction (see also Figure 1), the first main difficulty in the area of
audio-visual ASR is the visual front end design. The problem is two-fold: Face, lips, or mouth tracking is
first required, followed by visual speech representation in terms of a small number of informative features.
Clearly, the two issues are closely related: Employing a lip tracking algorithm allows one to use visual
features such as mouth height or width (Adjoudani and Bed896; Chan et al., 1998; Potamianos et al.,
1998), or parameters of a suitable lip model (Chandramohan and Silsbee, 1996; Dalton et al., 1996; Luettin et
al., 1996). On the other hand, only a crude detection of the mouth region is sufficient to obtain visual features,
using transformations of this region’s pixel values, that achieve sufficient dimensionality reduction (Bregler
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et al., 1993; Duchnowski et al., 1994; Matthews et al., 1996; Potamianos et al., 2001b). Needless to say,
robust tracking of the lips or mouth region is of paramount importance for good performance of automatic
speechreading systems (lyengar et al., 2001).

Face Detection, Mouth and Lip Tracking

The problem of face and facial part detection has attracted significant interest in the literature (Graf et al.,
1997; Rowley et al., 1998; Sung and Poggio, 1998; Senior, 1999). In addition to automatic speechreading, it
has applications to other areas, such as visual text-to-speech (Cohen and Massaro, 1994; Chen et al., 1995;
Cosatto et al., 2000), person identification and verification (Jourlin et al., 1997; Wark and Sridharan, 1998;
Froba et al., 1999; Jain et al., 1999; Maison et al., 1999; Chibelushi et al., 2002; Zhang et al., 2002), speaker
localization (Bub et al., 1995; Wang and Brandstein, 1999; Zotkin et al., 2002), detection of intent to speak
(De Cuetos et al., 2000), and image retrieval (Swets and Weng, 1996), among others. In general, robust face
and mouth detection is quite difficult, especially in cases where the background, face pose, and lighting are
varying (lyengar and Neti, 2001).

In the audio-visual ASR literature, where issues such as visual feature design, or audio-visual fusion algo-
rithms are typically of more interest, face and mouth detection are often ignored, or at least, care is taken
for the simplification of the problem: In some databases for example, the speaker’s lips are suitably colored,
so that their automatic extraction becomes trivial by chroma-key methods (Adjoudani and, B&96;
Heckmann et al., 2001). In other works, where audio-visual corpora are shared (for example, the Tulips1,
(X)M2VTS, and AMP/CMU databases, discussed later), the mouth regions are extracted once and re-used in
subsequent work by other researchers, or sites. In addition, in practically all databases, the faces are frontal
with minor face pose and lighting variation.

In general, all audio-visual ASR systems require determinirg@n-of-interes{ROI) for the visual feature
extraction algorithm to proceed. For example, such a ROI can be the entire face, in which case, a subsequent
active appearance model can be used to match to the exact face location (Cootes et al., 1998). Alternatively,
such a ROI can be the mouth only region, in which case, an active shape model of the lips can be used to fit
a lip contour (Luettin et al., 1996). If appearance based visual features are to be extracted (see below), the
latter is all that is required. Many techniques of varying complexity can be used to locate such ROIs. Some
use traditional image processing techniques, such as color segmentation, edge detection, image thresholding,
template matching, or motion information (Graf et al., 1997), whereas other methods use statistical modeling
techniques, employing neural networks for example (Rowley et al., 1998). In the following, we describe an
algorithm within the second category.

Face Detection and Mouth Region-of-Interest Extraction

A typical algorithm for face detection and facial feature localization is described in Senior (1999). This
technigue is used in the visual front end design of Neti et al. (2000) and Potamianos et al. (2001b), when
processing the video of the IBM ViaVoi¢& audio-visual database, described later. Given a video frame,
face detection is first performed by employing a combination of methods, some of which are also used for
subsequent face feature finding. A face template size is first chosdn ¢ari1-pixel square, here), and an
image pyramid over all permissible face locations and scales (given the video frame and face template sizes)
is used to search for possible face candidates. This search is constrained by the minimum and maximum
allowed face candidate size with respect to the frame size, the face size increment from one pyramid level to
the next, the spatial shift in searching for faces within each pyramid level, and the fact that no candidate face
can be of smaller size than the face template. In Potamianos et al. (2001b), the face square side is restricted
to lie within 10% and 75% of the frame width, with a face size increase of 15% across consecutive pyramid
levels. Within each pyramid level, a local horizontal and vertical shift of one pixel is used to search for
candidate faces.

In case the video signal is in col@kin-tonesegmentation can be used to quickly narrow the search to face
candidates that contain a relatively high proportion of skin-tone pixels. The normalized (red, green, blue)
values of each frame pixel are first transformed to thes(saturation color space, where skin tone is known
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Figure 2: Region-of-interest extraction examplé&fpper rows Example video frames of eight subjects from

the IBM ViaVoice™ audio-visual database (described in a later section), with superimposed facial features,
detected by the algorithm of Senior (1998hwer row Corresponding mouth regions-of-interest, extracted

as in Potamianos et al. (2001b).

to occupy a largely invariant to most humans and lighting conditions range of values (Graf et al., 1997; Senior,
1999). In the particular implementation, all face candidates that contain less than 25% of pixels with hue and
saturation values that fall within the skin-tone range, are eliminated. This substantially reduces the number of
face candidates (depending on the frame background), speeding up computation and reducing spurious face
detections. Every remaining face candidate is subsequently size-normalized to<thé face template size,

and itsgreyscalepixel values are placed intol21-dimensional face candidate vector. Each such vector is
given a score based on both a two-class (face versus non-face) Fisher linear discriminant and the candidate’s
“distance from face space(DFFS), i.e., the face vector projection error onto a lower, 40-dimensional space,
obtained by means gdrincipal components analys{®CA - see below). All candidate regions exceeding

a threshold score are considered as faces. Among such faces at neighboring scales and locations, the one
achieving the maximum score is returned by the algorithm as a detected face (Senior, 1999).

Once a face has been detected, an ensemble of facial feature detectors are used to estimate the locations of 26
facial features, including the lip corners and centers (twelve such facial features are marked on the frames of
Figure 2). Each feature location is determined by using a score combination of prior feature location statistics,
linear discriminant, and “distance from feature space” (similar to the DFFS discussed above), based on the
chosen feature template size (suci Ax 11 pixels).

Before incorporating the described algorithm into our speechreading system, a training step is required to
estimate the Fisher discriminant and eigenvectors (PCA) for face detection and facial feature estimation, as
well as the facial feature location statistics. Such training requires a number of frames manually annotated
with the faces and their visible features. When training the Fisher discriminant, both face and non-face (or

facial feature and non-feature) vectors are used, whereas in the case of PCA, face and facial feature only
vectors are considered (Senior, 1999).

Given the output of the face detection and facial feature finding algorithm described above, five located lip
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Figure 3: Examples of lip contour estimation by means of active shape models (Luettin etal., 1996). Depicted
mouth regions are from the Tulips1 audio-visual database (Movellan and Chadderdon, 1996), and they have
been extracted preceding lip contour estimation.

contour points are used to estimate the mouth center and its size at every video frame (four such points are
marked on the frames of Figure 2). To improve ROI extraction robustness to face and mouth detection errors,
the mouth center estimates are smoothed over twenty neighboring frames using median filtering to obtain the
ROI center, whereas the mouth size estimates are averaged over each utterance. A size-normalized square
ROl is then extracted (see (1), below), with sidds= N = 64 (see also Figure 2). This can contain just the

mouth region, or also parts of the lower face (Potamianos and Neti, 2001b).

Lip Contour Tracking

Once the mouth region is located, a number of algorithms can be used to obtain lip contour estimates. Some
popular methods arsnakegKass et al., 1988)templateqYuille et al., 1992; Silsbee, 1994), amdttive
shapeandappearance mode[€ootes et al., 1995, 1998).

A snake is an elastic curve represented by a set of control points. The control point coordinates are itera-
tively updated, by converging towards the local minimum of an energy function, defined on basis of curve
smoothness constraints and a matching criterion to desired features of the image (Kass et al., 1988). Such
an algorithm is used for lip contour estimation in the speechreading system of Chiou and Hwang (1997).
Another widely used technique for lip tracking is by means oftémplates employed in the system of
Chandramohan and Silsbee (1996) for example. Templates constitute parametrized curves that are fitted to
the desired shape by minimizing an energy function, defined similarly to snBkeglines used by Dalton

et al. (1996), work similarly to the above techniques as well.

Active shape and appearance models construct a lip shape or ROI appearance statistical model, as discussed
in following subsections. These models can be used for tracking lips by means of the algorithm proposed by
Cootes et al. (1998). This assumes that, given small perturbations from the actual fit of the model to a target
image, a linear relationship exists between the difference in the model projection and image and the required
updates to the model parameters. An iterative algorithm is used to fit the model to the image data (Matthews
et al., 1998). Alternatively, the fitting can be performed by the downhill simplex method (Nelder and Mead,
1965), as in Luettin et al. (1996). Examples of lip contour estimation by means of active shape models using
the latter fitting technique are depicted in Figure 3.

Visual Features

Various sets of visual features for automatic speechreading have been proposed in the literature over the last
20 years. In general, they can be grouped into three categorie¥iday pixel(or, appearancgbased ones;
(b): Lip contour(or, shapé based features; and (c): Features that are a combinatiostiohppearance and
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shape (Hennecke et al., 1996). In the following, we present each category in more detail. Possible feature
post-extraction processing is discussed at the end of this section.

Appearance Based Features

In this approach to visual feature extraction, the image part typically containing the speaker’s mouth region
is considered as informative for lipreading, i.e., the region-of-interest (ROI). Such region can be a rectan-
gle containing the mouth, and possibly include larger parts of the lower face, such as the jaw and cheeks
(Potamianos and Neti, 2001b), or the entire face (Matthews et al., 2001). Often, it can be a three-dimensional
rectangle, containing adjacent frame rectangular ROIls, in an effort to capture dynamic speech information at
this early stage of processing (Li et al., 1995; Potamianos et al., 1998). Alternatively, the ROI can correspond
to a number of image profiles vertical to the lip contour (Dupont and Luettin, 2000), or be just a disc around
the mouth center (Duchnowski et al., 1994). By concatenating the ROI griegscalgBregler et al., 1993;
Duchnowski et al., 1994; Potamianos et al., 1998; Dupont and Luettin, 2000Jarvalues (Chiou and
Hwang, 1997), a feature vector is obtained. For example, in the caseMfafV-pixel rectangular ROI,

which is centered at locatiofmn; ,n;) of video frameV;(m ,n ) at timet, the resulting feature vector of
lengthd = MN will be (after a lexicographic ordering)

x¢ — {Vi(m,n): my— |[M/2] <m <my+ [M/2],n: — [N/2] <n<n:+[N/2]}. (1)

This vector is expected to contain most visual speech information. Notice that approachesaptitasttow
as visual features (Mase and Pentland, 1991; Gray et al., 1997) can fit within this framework, by replacing in
(1) the video frame ROI pixels with optical flow estimates.

Typically, the dimensionalityl of vector (1) is too large to allow successful statistical modeling (Chatfield
and Collins, 1991) of speech classes, by means of a hidden Markov model (HMM) for example (Rabiner
and Juang, 1993). Therefore, appropriate transformations of the ROI pixel values are used as visual features.
Movellan and Chadderdon (1996) for example, use low-pass filtering followed by image subsampling and
video frame ROI differencing, whereas Matthews et al. (1996) propose a nonlinear image decomposition us-
ing “image sieves” for dimensionality reduction and feature extraction. By far however, the most popular ap-
pearance feature representations achieve such reduction by using tradiagatransform¢Gonzalez and

Wintz, 1977). These transforms are typically borrowed from the image compression literature, and the hope
is that they will preserve most relevant to speechreading information. In genér*ad dadimensionalinear
transformmatrix P is sought, such that the transformed data vegtor= P x; contains most speechreading
information in itsD < d elements. To obtain matriP, L training examples are given, denoted y,

[ =1,...,.L. Anumber of possible such matrices are described in the following.

Principal components analysis (PCA) -This constitutes the most popular pixel based feature representa-
tion for automatic speechreading (Bregler et al., 1993; Bregler and Konig, 1994; Duchnowski et al., 1994;
Li et al., 1995; Brooke, 1996; Tomlinson et al., 1996; Chiou and Hwang, 1997; Gray et al., 1997; Luettin
and Thacker, 1997; Potamianos et al., 1998; Dupont and Luettin, 2000). The PCA data projection achieves
optimal information compression, in the sense of minimum square error between the originakyeatolr

its reconstruction based on its projectign, however appropriate data scaling constitutes a problem in the
classification of the resulting vectors (Chatfield and Collins, 1991). In the PCA implementation of Potami-
anos et al. (1998), the data are scaled according to their inverse variance, and their correlatioR risatrix
computed. SubsequentR, is diagonalized aR =AAAT (Chatfield and Collins, 1991; Press et al., 1995),
whereA = [ay,...,,a4] has as columns theigenvectorof R, and A is a diagonal matrix containing the
eigenvalue®f R.. Assuming that theé largest such eigenvalues are located atjthe., jp diagonal posi-

tions, the data projection matrix iBpca = [aj,,...,a;,] . Given a data vecta; , this is first element-wise
mean and variance normalized, and subsequently, its feature vector is extragteg &% x; .

Discrete cosine, wavelet, and other image transformsAs an alternative to PCA, a number of popular
linear image transforms (Gonzalez and Wintz, 1977) have been used in pRderafbtaining speechreading

Throughout this work, boldface lowercase symbols denote column vectors, and boldface capital symbols denote ma-
trices. In addition,e’ denotes vector or matrixansposeanddiag(e), det(e), denote matrixdiagonalanddeterminant
respectively.
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features. For example, tigscrete cosine transforgDCT) has been adopted in several systems (Duchnowski

et al., 1994; Potamianos et al., 1998; Nakamura et al., 2000; Neti et al., 2000; Scanlon and Reilly, 2001;
Nefian et al., 2002), thdiscrete wavelet transforfDWT - Daubechies, 1992) in others (Potamianos et al.,
1998), and théladamardandHaar transforms by Scanlon and Reilly (2001). Most researchers use separable
transforms (Gonzalez and Wintz, 1977), which allow fast implementations (Press et al., 1995)/ndiah

N are powers of 2 (typically, value®/, N = 16, 32, or 64 are considered). Notice that, in each case, matrix

P can have as rows the image transform matrix rows that maximize the transformed data energy over the
training set (Potamianos et al., 1998), or alternatively, that correspond to a-priori chosen locations (Nefian et
al., 2002).

Linear discriminant analysis (LDA) - The data vector transforms presented above are more suitable for
ROI compression than ROI classification into the set of speech classes of interest. For the latter task, LDA
(Rao, 1965) is more appropriate, as it maps features to a new space for improved classification. LDA was first
proposed for automatic speechreading by Duchnowski et al. (1994). There, it was applied directly to vector
(1). LDA has also been considered in a cascade, following the PCA projection of a single frame ROI vector,
or on the concatenation of a number of adjacent PCA projected vectors (Matthews et al., 2001).

LDA assumes that a set afassesC (such as HMM states) is a-priori chosen, and, in addition, that the
training set data vectorss , [ = 1,..., L, arelabeledasc(l) € C. Then, it seeks matri®;, , such that the
projected training samplePpa x;, [ = 1,..., L } is “well separated” into the set of classés according

to a function of the training sampleithin-class scattematrix Sy, and itsbetween-class scattenatrix Sp
(Rao, 1965). These matrices are given by

Sw =Y Pr(=, and S =Y Pr(c)(m9-m)m9—m) (2)
ceC cecC

respectively. In (2)Pr(c) = L./L, c € C, is the class empirical probability mass function, whége=
SE 6.0y, andd; =1, if i=3; 0, otherwise; in additionm(®) andx(®) denote the class sample mean and
covariance, respectively; and finallyy = X . Pr(c) m(© is the total sample mean. To estim®g,, , the
generalizectigenvalues andght eigenvectors of the matrix paiS(z, Sy), that satishiSgF = Sy FA , are
first computed (Rao, 1965; Golub and Van Loan, 1983). M&e#ix [ f;,..., f;] has as columns the generalized
eigenvectors. Assuming that tlie largest eigenvalues are located at jhe.., jp diagonal positions of\ ,
then,Prpa = [£j,,..., £ ] 7. It should be noted that, due to (2), the rankSef is at mostC| — 1, where|C|
denotes the number of classes (the cardinality o€9ehenceD < |C| — 1 should hold. In addition, the
rank of thed x d-dimensional matrixSy, cannot exceed — |C|, therefore having insufficient training data,
with respect to the input feature vector dimensilris a potential problem.

Maximum Likelihood Data Rotation (MLLT) - In our speechreading system (Potamianos et al., 2001b),
LDA is followed by the application of a dataaximum likelihood linear transfordMLLT). This transform
seeks a square, non-singular, data rotation mRiix + that maximizes the observation data likelihood in the
original feature space, under the assumption of diagonal data covariance in the transformed space (Gopinath,
1998). Such a rotation is beneficial, since in most ASR systems, diagonal covariances are typically assumed,
when modeling the observation class conditional probability distribution with Gaussian mixture models. The
desired rotation matrix is obtained as

Pyuir = argmaxp { det (P)* J[ (det (diag (PE@PT))) %

ceC

(Gopinath, 1998). This can be solved numerically (Press et al., 1995).

}

Notice that LDA and MLLT are data transforms aiming in improved classification performance and maximum
likelihood data modeling. Therefore, their application can be viewed as a feature post-processing stage, and
clearly, should not be limited to appearance only visual data.

Shape Based Features

In contrast to appearance based features, shape based feature extraction assumes that most speechreading
information is contained in thehape(contours) of the speaker’s lips, or more generally (Matthews et al.,
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Figure 4. Geometric feature approacheft Outer lip width ) and heightk). Middle: Reconstruction of

an estimated outer lip contour (upper part) from 1, 2, 3, and 20 sets of its Fourier coefficients (lower part,
clockwise).Right Three geometric visual features, displayed on a normalized scale, tracked over the spoken
utterance “81926" of the connected digits database of Potamianos et al. (1998). Lip contours are estimated
as in Graf et al. (1997).

2001), in the face contours (e.g., jaw and cheek shape, in addition to the lips). Two types of features fall
within this category: Geometric type ones, and shape model based features. In both cases, an algorithm
that extracts the inner and/or outer lip contours, or in general, the face shape, is required. A variety of such
algorithms were discussed above.

Lip geometric features - Given the lip contour, a number of high level features, meaningful to humans,
can be readily extracted, such as the contamight width, perimeter as well as tharea contained within

the contour. As demonstrated in Figure 4, such features do contain significant speech information. Not
surprisingly, a large number of speechreading systems makes use of all or a subset of them (Petajan, 1984;
Adjoudani and Benib; 1996; Alissali et al., 1996; Goldschen et al., 1996; An@brecht et al., 1997; Jourlin,

1997; Chan et al., 1998; Rogozan and&gise, 1998; Teissier et al., 1999; Zhang et al., 2000; Gurbuz et al.,
2001; Heckmann et al., 2001; Huang and Chen, 2001).

Additional visual features can be derived from the lip contours, such asiéigpe momentand lip contour

Fourier descriptors(see Figure 4), that are invariant to affine image transformations. Indeed, a number of
central moments of the contour interior binary image, oniemalized momentas defined in Dougherty and
Giardina (1987), have been considered as visual features (Czap, 2000). Normalized Fourier series coefficients
of a contour parametrization (Dougherty and Giardina, 1987) have also been used to augment previously
discussed geometric features in some speechreading systems, resulting to improved automatic speechreading
(Potamianos et al., 1998; Gurbuz et al., 2001).

Lip model features - A number ofparametricmodels (Basu et al., 1998) have been used for lip- or face-shape
tracking in the literature, and briefly reviewed in a previous subsection. The parameters of these models can
be readily used as visual features. For example, Chiou and Hwang (1997) employ a snake based algorithm
to estimate the lip contour, and subsequently use a number of snake radial vectors as visual features. Su and
Silsbee (1996), as well as Chandramohan and Silsbee (1996), use lip template parameters instead.

Another popular lip model is thactive shape modéASM). ASMs are flexiblestatisticalmodels that rep-

resent an object by a set of labeled points (Cootes et al., 1995; Luettin et al., 1996). Such object can be the
inner and/or outer lip contour (Luettin and Thacker, 1997), or the union of various face shape contours as
in Matthews et al. (2001). To derive an ASM, a numbedO€ontour points are first labeled on available
training set images, and their co-ordinates are placet¥édimensional “shape” vectors

X(S) = [m17y1;x2>y2)"')xK)yK]T' (3)

Given a set of vectors (3), PCA can be used to identify the optimal orthogonal linear tralﬁ?@mn terms
of the variance described along each dimension, resulting in a statistical model of the lip or facial shape (see
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Figure 5: Statistical shape model. The top four modes are plotefttp-right) at + 3 standard deviations
around the mean. These four modes describe 65% of the variance of the training set, which consists of 4072
labeled images from the IBM ViaVoid@! audio-visual database (Neti et al., 2000; Matthews et al., 2001).

Figure 5). To identify axes of genuine shape variation, each shape in the training set must be aligned. This is
achieved using a similarity transform (translation, rotation, and scaling), by means of an iterative procrustes
analysis (Cootes et al., 1995; Dryden and Mardia, 1998). Given a tracked lip contour, the extracted visual
features will bey(®) = PIE%)AX(S) . Note that vectors (3) can be the output of a tracking algorithm based on
B-splines for example, as in Dalton et al. (1996).

Joint Appearance and Shape Features

Appearance and shape based visual features are quite different in nature. In a sense they code low- and high-
level information about the speaker’s face and lip movements. Not surprisingly, combinations of features
from both categories have been employed in a number of automatic speechreading systems.

In most cases, features from each category are just concatenated. For example, Chan (2001) combines geo-
metric lip features with the PCA projection of a subset of pixels contained within the mouth. Luettin et al.
(1996), as well as Dupont and Luettin (2000), combine ASM features with PCA based ones, extracted from

a ROI that consists of short image profiles around the lip contour. Chiou and Hwang (1997) on the other
hand, combine a number of snake lip contour radial vectors with PCA features of the color pixel values of a
rectangle mouth ROI.

A different approach to combining the two classes of features is to cresitgl@ model of face shape and
appearance. Aactive appearance modeAAM - Cootes et al., 1998) provides a framework to statistically
combine them. Building an AAM requires three applications of PCA:

(a) Shape eigenspace calculation that models shape deformations, resulting in PCPéié;trkxom—
puted as above (see (3)).

(b) Appearance eigenspace calculation to model appearance changes, resulting in a PCRé@i@trix
of the ROI appearance vectors. If thelor values of theM x N-pixel ROI are considered, such
vectors are

x™ = [r1,91,b1,72, 02,02 yeees Taan s GuN, BN | 4)

similar to vectors (1).
(c) Using these, calculation of a combined shape and appearance eigenspace. The latter is a PCA matrix
P> on training vectors
x(A8) — [X(A)TW PF()zé)AT 7 X(S)TPF()SC>AT]T — [y(A)TW’ y(S)T]T ,

whereW is a suitable diagonal scaling matrix (Matthews et al., 2001). The aim of this final PCA is
to remove the redundancy due to the shape and appearance correlation, and to create a single model
that compactly describes shape and the corresponding appearance deformation.
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Figure 6: Combined shape and appearance statistical m@giter row Mean shape and appearangep
row: Mean shape and appearangg standard deviationsBottom row Mean shape and appearaneg
standard deviations. The top four modes, depidedidto-right, describe 46% of the combined shape and
appearance variance of 4072 labeled images from the IBM ViaWicaudio-visual database (Neti et al.,
2000; Matthews et al., 2001).

Such a model has been used for speechreading in Neti et al. (2000) and Matthews et al. (2001). An example
of the resulting learned joined model is depicted in Figure 6. A block diagram of the method, including the
dimensionalities of the input shape and appearance vectors ((3) and (4), respectively), their PCA projections

y©&, y®) and the final feature vectgrt® ) = P x(*9) | is depicted in Figure 7.

Visual Feature Post-Extraction Processing

In an audio-visual speech recognition system, in addition to the visual features, audio features are also ex-
tracted from the acoustic waveform. For example, such features couhebieequency cepstral coefficients
(MFCCs), orlinear prediction coefficiente_PCs), typically extracted at a 100 Hz rate (Deller et al., 1993;
Rabiner and Juang, 1993; Young et al., 1999). In contrast, visual features are generated at the video frame
rate, commonly 25 or 30 Hz, or twice that, in case of interlaced video. Since feature stream synchrony is
required in a number of algorithms for audio-visual fusion, as discussed in the next section, the two feature
streams must attain the same rate. Typically, this is accomplished (whenever required), either after feature
extraction, by simple element-widi@ear interpolationof the visual features to the audio frame rate (as in
Figure 7), or before feature extraction, by frame duplication to achieve a 100 Hz video input rate to the visual
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Figure 7: DCT versus AAM based visual feature extraction for automatic speechreading, followed by visual
feature post-extraction processing using linear interpolation, feature mean normalization, adjacent frame fea-
ture concatenation, and the application of LDA and MLLT. Vector dimensions as implemented in the system
of Neti et al. (2000) are depicted.

front end. Occasionly, the audio front end processing is performed at the lower video rate.

Another interesting issue in visual feature extraction has to do with feature normalization. In a traditional
audio front endgepstral mean subtractios often employed to enhance robustness to speaker and environ-
ment variations (Liu et al., 1993; Young et al., 1999). A simple videature mean normalizatiaf-MN) by
element-wise subtraction of the vector mean over each sentence has been demonstrated to improve appear-
ance feature based, visual-only recognition (Potamianos et al., 1998, 2001b). Alternatively, linear intensity
compensation has been investigated preceding the appearance feature extraction by Vanegas et al. (1998).

A very important issue in the visual feature design is capturing the dynamics of visual speech. Temporal
information, often spanning multiple phone segments, is known to help human perception of visual speech
(Rosenblum and Salda; 1998). Borrowing again from the ASR literature, dynamic speech information
can be captured by augmenting the visual feature vector Hirstsand secondorder temporatierivatives
(Rabiner and Juang, 1993; Young et al., 1999). Alternatively, LDA can be used, as a means of “learning” a
transform that optimally captures the speech dynamics. Such a transform is applied on the concatenation of
consecutive feature vectors adjacent and including the current frame (see also Figure 7), i.e., on

Xt = [ythJ/zJ:---;yz—a---ayt;rw/z]f1]Ta )
with J = 15 for example, as in Neti et al. (2000) and Potamianos et al. (2001b).

Clearly, and as we already mentioned, LDA could be applied to any category of features discussed. The
same holds for MLLT, a method that aims in improving maximum likelihood data modeling, and in practice,
ASR performance. For example, a number of feature post-processing steps discussed above, including LDA
and MLLT, have been interchangeably applied to DCT appearance features, as well as to AAM ones, in our
visual front end experiments during the Johns Hopkins workshop, as depicted in Figure 7 (Neti et al., 2000;
Matthews et al., 2001). Alternate ways of combining feature post-extraction processing steps can easily
be envisioned. For example, LDA and MLLT can be applied to obtain within-frame discriminant features
(Potamianos and Neti, 2001b), which can then be augmented by their first and second order derivatives, or
followed by LDA and MLLT across frames (see also Figure 11).

Finally, an important problem in data classification is the issuteature selectionvithin a larger pool of
candidate features (Jain et al., 2000). In the context of speechreading, this matter has been directly addressed
in the selection of geometric, lip contour based features by Goldschen et al. (1996).
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Summary of Visual Front End Algorithms

We have presented a summary of the most common visual feature extraction algorithms proposed in the
literature for automatic speechreading. Such techniques differ both in their assumptions about where the
speechreading information lies, as well as in the requirements that they place on face detection, facial part
localization, and tracking. On the one extreme, appearance based visual features consider a broadly defined
ROI, and then rely on traditional pattern recognition and image compression techniques to extract relevant
speechreading information. On the opposite side, shape based visual features require adequate lip or facial
shape tracking, and assume that the visual speech information is captured by this shape’s form and movement
alone. Bridging the two extremes, various combinations of the two types of features have also been used,
ranging from simple concatenation to their joint modeling.

Comparisons between features within the same class are often reported in the literature (Duchnowski et al.,
1994; Goldschen et al., 1996; Gray et al., 1997; Potamianos et al., 1998; Matthews et al., 2001; Scanlon
and Reilly, 2001). Unfortunately however, comparisons across the various types of features are rather lim-
ited, as they require widely different sets of algorithms for their implementation. Nevertheless, Matthews
et al. (1998) demonstrate AAMs to outperform ASMs, and to result in similar visual-only recognition to
alternative appearance based features. Chiou and Hwang (1997) report that their joint features outperform
their shape and appearance feature components, whereas Potamianos et al. (1998), as well as Scanlon and
Reilly (2001), report that DCT transform based visual features are superior to a set of lip contour geometric
features. However, the above results are reported on single-subject data and/or small vocabulary tasks. In a
larger experiment, Matthews et al. (2001) compare a number of appearance based features with AAMs on
a speaker-independent LVCSR task. All appearance features considered outperformed AAMs, however it is
suspected that the AAM used there was not sufficiently trained.

Although much progress has been made in visual feature extraction, it seems that the question of what are the
best visual features for automatic speechreading, that are robust in a variety of visual environments, remains
to a large extent unresolved. Of particular importance is that such features should exhibit sufficient speaker,
pose, camera, and environment independence. However, it is worth mentioning two arguments in favor of
appearance based features: First, their use is well motivated by human perception studies of visual speech.
Indeed, significant information about the place of articulation, such as tongue and teeth visibility, cannot
be captured by the lip contours alone. Human speech perception based on the mouth region is superior
than perception on basis of the lips alone, and it further improves when the entire lower face is visible
(Summerfield et al., 1989). Second, the extraction of certain highly performing appearance based features
such as the DCT is computationally efficient. Indeed, it requires a crude mouth region detection algorithm,
which can be applied at a low frame rate, whereas the subsequent pixel vector transform is amenable to fast
implementation for suitable ROI sizes (Press et al., 1995). These facts enable the implementation of real-time
automatic speechreading systems.

AUDIO-VISUAL INTEGRATION FOR SPEECH RECOGNITION

Audio-visual fusion is an instance of the general classifier combination problem (Jain et al., 2000). In our
case, two observation streams are available (audio and visual modalities) and provide information about
speech classes, such as context-dependent sub-phonetic units, or at a higher level, word sequences. Each
observation stream can be used alone to train single-modality statistical classifiers to recognize such classes.
However, one hopes that combining the two streams will give rise to a bimodal classifier with superior
performance to both single-modality ones.

Various information fusion algorithms have been considered in the literature for audio-visual ASR (for ex-
ample, Bregler et al., 1993; Adjoudani and Ben©996; Hennecke et al., 1996; Potamianos and Graf, 1998;
Rogozan, 1999; Teissier et al., 1999; Dupont and Luettin, 2000; Neti et al., 2000; Chen, 2001; Chu and
Huang, 2002). The proposed techniques differ both in their basic design, as well as in the adopted terminol-
ogy. The architecture of some of these methods (Robert-Ribes et al., 1996; Teissier et al., 1999) is motivated
by models of human speech perception (Massaro, 1996; Massaro and Stork, 1998; Berthommier, 2001). In
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| FUSION TYPE| AUDIO-VISUAL FEATURES CLASSIFICATION LEVEL |
Featurefusion: || 1. Concatenatedfeatures
Oneclassifier || 2. Hierarchical discriminant features Sub-phonetic (early)
is used 3. Enhancedaudio features
Decisionfusion: 1. Sub-phoneticdarly)
Twoclassifiers Concatenated features 2. Phone or wordifjtermediate)
are used 3. Utteranceléte)

Table 1. Taxonomy of the audio-visual integration methods considered in this section. Three feature fusion
techniques, that differ in the features used for recognition, and three decision fusion methods, that differ in
the combination stage of the audio and visual classifiers, are described in more detail in this chapter.

most cases however, research in audio-visual ASR has followed a separate track from work on modeling the
human perception of audio-visual speech.

Audio-visual integration techniques can be broadly groupedfedture fusioranddecision fusiormethods.

The first ones are based on training a single classifier (i.e., of the same form as the audio- and visual-only
classifiers) on the concatenated vector of audio and visual features, or on any appropriate transformation of
it (Adjoudani and Bent; 1996; Teissier et al., 1999; Potamianos et al., 2001a). In contrast, decision fusion
algorithms utilize the two single-modality (audio- and visual-only) classifier outputs to recognize audio-visual
speech. Typically, this is achieved by linearly combining the class-conditional observation log-likelihoods of
the two classifiers into a joint audio-visual classification score, using appropriate weights that capture the
reliability of each single-modality classifier, or data stream (Hennecke et al., 1996; Rogozan et al., 1997;
Potamianos and Graf, 1998; Dupont and Luettin, 2000; Neti et al., 2000).

In this section, we provide a detailed description of some popular fusion techniques from each category
(see also Table 1). In addition, we briefly address two issues relevant to automatic recognition of audio-
visual speech: One is the problem of speech modeling for ASR, which poses particular interest in automatic
speechreading, and helps establish some background and notation for the remainder of the section. We also
consider the subject of speaker adaptation, an important element in practical ASR systems.

Audio-Visual Speech Modeling for ASR

Two central aspects in the design of ASR systems are the choice of speech classes, that are assumed to
generate the observed features, and the statistical modeling of this generation process. In the following, we
briefly discuss both issues, since they are often embedded into the design of audio-visual fusion algorithms.

Speech Classes for Audio-Visual ASR

The basic unit that describes how speech conveys linguistic information ighitieeme For American

English, there exist approximately 42 such units (Deller et al., 1993), generated by specific positions or
movements of the vocal tract articulators. Only some of the articulators are visible however, therefore among
these phonemes, the number of visually distinguishable units is much smaller. Such units andsEted

in the audio-visual ASR and human perception literatures (Stork and Hennecke, 1996; Campbell et al., 1998;
Massaro and Stork, 1998). In general, phoneme to viseme mappings are derived by human speechreading
studies. Alternatively, such mappings can be generated using statistical clustering techniques, as proposed by
Goldschen et al. (1996) and Rogozan (1999). There is no universal agreement about the exact partitioning
of phonemes into visemes, but some visemes are well-defined, such as the bilabial viseme consisting of
phoneme sef /p/, /b/, Im/}. A typical clustering into 13 visemes is used by Neti et al. (2000) to conduct
visual speech modeling experiments, and is depicted in Table 2.

In traditional audio-only ASR, the set of clasgesC that need to be estimated on basis of the observed feature
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Silence [sill, Isp/ Alveolar-fricatives| /s/, /z/

faol, lah/, laal, lerl, loy/, lawl/, Ihh/Alveolar it/ 1dl, Inl, len/
Lip-rounding | /uw/, /uh/, low/ Palato-alveolar Ishl, Izhl, Ichl, ljh/
based vowels| /ae/, /ehl, leyl, lay/ Bilabial Ipl, Ibl, Im/

fin/, liyl, lax/ Dental fth/, Idh/
Alveolar- Labio-dental Itl, vl
-semivowels| /I, fell, Itl, Iyl Velar Ing/, IKI, 19/, Iwl

Table 2. The 44 phoneme to 13 viseme mapping considered by Neti et al. (2000), using the HTK phone set
(Young et al., 1999).

sequence most often consist of sub-phonetic units, and occasionly of sub-word units in small vocabulary
recognition tasks. For LVCSR, a large number of context-dependent sub-phonetic units are used, obtained
by clustering the possible phonetic contexts (tri-phone ones, for example) by means of a decision tree (Deller
et al., 1993; Rabiner and Juang, 1993; Young et al., 1999). In this chapter, such units are exclusively used,
defined over tri- or eleven-phone contexts, as described in the Experiments section.

For automatic speechreading, it seems appropriate, from the human visual speech perception point of view, to
use visemic sub-phonetic classes, and their decision tree clustering based on visemic context. Such clustering
experiments are reported by Neti et al. (2000). In addition, visual-only recognition of visemes is occasionly
considered in the literature (Potamianos et al., 2001b). Visemic speech classes are also used for audio-visual
ASR at the second stage of a cascade decision fusion architecture proposed by Rogozan (1999). However,
the use of different classes for its audio- and visual-only components complicates audio-visual fusion, with
unclear performance gains. Therefore, in the remainder of this section, identical classes and decision trees
are being used for both modalities.

HMM Based Speech Recognition

The most widely used classifier for audio-visual ASR is lidden Markov modgHMM), a very popular
method for traditional audio-only speech recognition (Deller et al., 1993; Rabiner and Juang, 1993; Young
et al., 1999). Additional methods also exist for automatic recognition of speech, and have been employed
in audio-visual ASR systems, such @gnamic time warpingDTW), used for example by Petajan (1984),
artificial neural network§ANN), as in Krone et al. (1997), hybrid ANN-DTW systems (Bregler et al., 1993;
Duchnowski et al., 1994), or hybrid ANN-HMM ones (Heckmann et al., 2001). Various types of HMMs
have also been used for audio-visual ASR, such as HMMs with discrete observations after vector quantiza-
tion of the feature space (Silshee and Bovik, 1996), or HMMs with non-Gaussian continuous observation
probabilities (Su and Silsbee, 1996). However, the vast majority of audio-visual ASR systems, and to which
we restrict the presentation in this chapter, employ HMMs with a continuous observation probability density,
modeled as a mixture of Gaussian densities.

Typically in the literaturesingle-strearHMMs are used to model the generation of a sequence of audio-
only or visual-only speech informative feature{sﬁ) }, of dimensionalityD, , wheres = A,V denotes
the audio or visual modality (stream). The HMamission(class conditional observation) probabilities are
modeled byGaussian mixturelensities, given by

K.

PT[O(;)|C] :ZwsckNDs(O(ts>;msckassck)7 (6)

k=1
for all classesc € C, whereas the HMMransition probabilities between the various classes are given by
r, = [{Pr[c'|c"], c',c"eC}]T. The HMM parameter vector is therefore

.
aS:[rsT,bsT]T, where bs:[{[wsck,m;k,s;k]T,k:l,...,KSc,CEC}] . @)

In (6) and (7)c € C denote the HMM context dependent states, whereas mixture weighjsare positive
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Figure 8: Three types of feature fusion considered in this section: Plain audio-visual feature concatenation
(AV-Concat), hierarchical discriminant feature extraction (AV-HiLDA), and audio-visual speech enhancement
(AV-Enh).

adding to oneK ;. denotes the number of mixtures, afG, (o ; m, s) is the D-variate normal distribution
with meanm and a diagonal covariance matrix, its diagonal being denotel. by

The expectation-maximizatiofEM) algorithm (Dempster et al., 1977) is typically used to obtaaximum
likelihood estimates of (7). Given a current HMM parameter vector at EM algorithm iteratiay’, a
re-estimated parameter vector is obtained as

al*!) = argmaxQ(a¥), a|O0®). (8)

In (8), O®) denotes training data observations frénutterance®'*, I =1,...,L, and(@)(e,e|e) represents
the EM algorithmauxiliary function defined as (Rabiner and Juang, 1993)

L
Q(a',a"|0®) = "3 Pr[Ofc(l)|a'] log Pr[Of*)c(l)]a"]. (9)
=1 c(l)

In (9), c(1) denotes any HMM state sequence for utterandeeplacing it with the best HMM path, reduces
EM to Viterbitraining (Deller et al., 1993). As an alternative to maximum likelihadiggriminative training
methods can instead be used for HMM parameter estimation (Bahl et al., 1986; Chou et al., 1994).

Feature Fusion Techniques for Audio-Visual ASR

As already mentioned, feature fusion uses a single classifier to model the concatenated vector of time-
synchronous audio and visual features, or appropriate transformations of it. Such methods include plain
feature concatenation (Adjoudani and Ben&996), feature weighting (Teissier et al., 1999; Chen, 2001),
both also known aslirect identificationfusion (Teissier et al., 1999), and hierarchical linear discriminant
feature extraction (Potamianos et al., 2001a). @bminantandmotorrecording fusion models discussed

by Teissier et al. (1999) also belong to this category, as they seek a data-to-data mapping of either the vi-
sual features into the audio space, or of both modality features to a new common space, followed by linear
combination of the resulting features. Audio feature enhancement on basis of either visual input (Girin et al.,
1995; Barker and Berthommier, 1999), or concatenated audio-visual features (Girin et al., 2001b; Goecke et
al., 2002) falls also within this category of fusion, under its general definition adopted above. In this section,
we expand on three feature fusion techniques, schematically depicted in Figure 8.
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Concatenative Feature Fusion

Given time-synchronous audio and visual feature veai§tsando!"”, with dimensionalitiesD, andD v,

respectively, the joint, concatenated audio-visual feature vector at ti@eomes

O(tAV) _ [O(tA)T (V)T]T € RP, (10)

whereD = D, + D+ . As with all feature fusion methods (i.e., also for vectors (11) and (12), below),
the generation process of a sequence of features (10) is modeled by a single-stream HMM, with emission
probabilities (see also (6))

-PT (AV)|C] chk ND mckasck),

for all classesc € C (Adjoudani and Ben; 1996). Concatenative feature fusion constitutes a simple ap-
proach for audio-visual ASR, implementable in most existing ASR systems with minor changes. However,
the dimensionality of (10) can be rather high, causing inadequate modeling in (6) due to the curse of dimen-
sionality (Chatfield and Collins, 1991). The following fusion technique aims to avoid this, by seeking lower
dimensional representations of (10).

Hierarchical Discriminant Feature Fusion

The visual features contain less speech classification power than audio features, even in the case of extreme
noise in the audio channel (see Table 4, in the Experiments section). One would therefore expect that an
appropriate lower-dimensional representation of (10) could lead to equal and possibly better HMM perfor-
mance, given the problem of accurate probabilistic modeling in high-dimensional spaces. Potamianos et
al. (2001a) have considered LDA as a means of obtaining such a dimensionality reduction. Indeed, the goal
being to obtain the best discrimination among the classes of interest, LDA achieves this on basis of the data
(and their labels) alone, without a-priori bias in favor of any of the two feature streams. LDA is subsequently
followed by an MLLT based data rotation (see also Figure 8), in order to improve maximum-likelihood data
modeling using (6). In the audio-visual ASR system of Potamianos et al. (2001a), the proposed method
amounts to a two-stage application of LDA and MLLT, first intra-modal on the original audio MFCC and
visual DCT features, and then inter-modal on (10), as also depicted in Figure 11. It is therefore referred to as
HIiLDA (hierarchical LDA). The final audio-visual feature vector is (see also (10))

HiLDA AV AV) (AV
O(t )= PI\(/ILL>T PIEDA) (t . (11)

One can set the dimensionality of (11) to be equal to the audio feature vector size, as implemented by Neti et
al. (2000).

Audio Feature Enhancement

Audio and visible speech are correlated, since they are produced by the same oral-facial cavity. Not sur-
prisingly, a number of techniques have been proposed to obtain estimates of audio features utilizing the
visual-only modality (Girin et al., 1995; Yehia et al., 1998; Barker and Berthommier, 1999), or joint audio-
visual speech data, in the case where the audio signal is degraded (Girin et al., 2001b; Goecke et al., 2002).

The latter scenario corresponds to the spestdtancemeraradigm. Under this approach, the enhanced au-
dio feature vectoo(tAE“h) can be simply obtained adiaear transformation of the concatenated audio-visual

feature vector (10), namely as

(AEnh) P(AV) (AV) (12)
where matrixPiyy, = [p{™")p5™)....pj5,"]T consists ofD-dimensional row vectors{*’ ", for i =

1,..., D4, and has dimensioR, x D (see also Figure 8).
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A simple way to estimate matriP~}; is by considering the approximatiasi*™™" ~ 0*“**" in the

Euclideandistance sense, where vectdf“**") denotes clean audio features available in addition to visual
and “noisy” audio vectors, for a number of time instahia a training set;7. Due to (12), this becomes
equivalent to solvingd), mean square errofMSE) estimations

pgAv) = arg rrx)lin Z [Ogﬁclean) _ pTOEAV)]2 , (13)
teT

fori = 1,..,D,, i.e., one per row of the matriP\y}; . Equations (13) result t&, systems of Yule-
Walker equations, that can be easily solved using Gauss-Jordan elimination (Press et al., 1995). A more

sophisticated way of estimatirlgéﬁl}’{) by using a Mahalanobis type distance instead of (13) is considered
by Goecke et al. (2002), whereas non-linear estimation schemes are proposed by Girin et al. (2001b) and
Deligne et al. (2002).

Decision Fusion Techniques for Audio-Visual ASR

Although feature fusion techniques (for example, HILDA) have been documented to result in improved ASR
over audio-only performance (Neti et al., 2000), they cannot explicitly model the reliability of each modality.
Such modeling is extremely important, as speech information content and discrimination power of the audio
and visual streams can vary widely, depending on the spoken utterance, acoustic noise in the environment,
visual channel degradations, face tracker inaccuracies, and speaker characteristics. In contrast to feature
fusion methods, the decision fusion framework provides a mechanism for capturing the reliability of each
modality, by borrowing from classifier combination literature.

Classifier combination based on their individual decisions about the classes of interest is an active area of
research with many applications (Xu et al., 1992; Kittler et al., 1998; Jain et al., 2000). Combination strate-
gies differ in various aspects, such as the architecture used (parallel, cascade, or hierarchical combination),
possible trainability (static, or adaptive), and information level considered at integration (abstract, rank-order,
or measurement level), i.e., whether information is available about the best class only,tluatsges (or the

ranking of all possible ones), or the scores (likelihoods) of them. In the audio-visual ASR literature, examples
of most of these categories can be found. For example, Petajan (1984) rescores the two best outputs of the
audio-only classifier by means of the visual-only classifier, a case of cascade, static, rank-order level decision
fusion. Combinations of more than one categories, as well as cases where the one of the two classifiers of in-
terest corresponds to a feature fusion technique are also possible. For example, Rogozaeise [398)

use a parallel, adaptive, measurement-level combination of an audio-visual classifier trained on concatenated
features (10) with a visual-only classifier, whereas Rogozan (1999) considers a cascade, adaptive, rank-order
level integration of the two. The lattice rescoring framework used during the Johns Hopkins University work-
shop (as described in the Experiments section that follows) is an example of a hybrid cascade/parallel fusion
architecture (Neti et al., 2000; Glotin et al., 2001; Luettin et al., 2001).

By far however, the most commonly used decision fusion techniques for audio-visual ASR belong to the
paradigm of audio- and visual-only classifier integration using a parallel architecture, adaptive combination
weights, and class measurement level information. These methods derive the most likely speech class or word
sequence by linearly combining the log-likelihoods of the two single-modality HMM classifier decisions,
using appropriate weights (Adjoudani and Ben®996; Jourlin, 1997; Potamianos and Graf, 1998; Teissier

et al., 1999; Dupont and Luettin, 2000; Neti et al., 2000; Gurbuz et al., 2001; Heckmann et al., 2001). This
corresponds to the adaptive product rule in the likelihood domain (Jain et al., 2000), and it is also known as
theseparate identificatiomodel to audio-visual fusion (Rogozan, 1999; Teissier et al., 1999).

Continuous speech recognition introduces an additional twist to the classifier fusion problem, due to the fact
that sequences of classes (HMM states or words) need to be estimated. One can consider three possible
temporallevels for combining stream (modality) likelihoods, as depicted in Table 1. (a): “Early” integration,

i.e., likelihood combination at the HMM state level, which gives rise torthéti-stream HMMclassifier
(Bourlard and Dupont, 1996; Young et al., 1999), and forces synchrony between its two single-modality
components; (b): “Late” integration, where typically a numbendfest audio and possibly visual-only rec-
ognizer hypotheses are rescored by the log-likelihood combination of the two streams, which allows complete
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asynchrony between the two HMMs; and (c): “Intermediate” integration, typically implemented by means of
the product HMM (Varga and Moore, 1990), or ttmupled HMM(Brand et al., 1997), which force HMM
synchrony at the phone, or word, boundaries. Notice that such terminology is not universally agreed upon,
and our reference to early or late integration at the temporal level should not be confused with the feature vs.
decision fusion meaning of these terms in other work (Adjoudani and IBEr896).

Early Integration: The State-Synchronous Multi-Stream HMM

Inits general form, the class conditional observation likelihood of the multi-stream HMM is the product of the
observation likelihoods of its single-stream components, raised to approgiresien exponenthat capture

the reliability of each modality, or equivalently, the confidence of each single-stream classifier. Such model
has been considered in audio-only ASR, where for example, separate streams are used for the energy audio
features, MFCC static features, as well as their first and possibly second order derivatives, as in Hernando
et al. (1995) and Young et al. (1999), or for band-limited audio features in the multi-band ASR paradigm
(Hermansky et al., 1996), as in Bourlard and Dupont (1996), Okawa et al. (1999), and Glotin and Berthom-
mier (2000), among others. In the audio-visual domain, the model becomes a two-stream HMM, with one
stream devoted to the audio, and another to the visual modality. As such, it has been extensively used in
small-vocabulary audio-visual ASR tasks (Jourlin, 1997; Potamianos and Graf, 1998; Dupont and Luettin,
2000; Miyajima et al., 2000; Nakamura et al., 2000). In the system reported by Neti et al. (2000) and Luettin
et al. (2001), the method was applied for the first time to the LVCSR domain.

Given the bimodal (audio-visual) observation ve(zifp"rw, the state emission “score” (it no longer represents
a probability distribution) of the multi-stream HMM is (see also (6) and (10))

K.
: Aot
Priof™lc] = ] [D_ wsckNp, (0fsmyck,s5ck)] " (14)
se{A,V} k=1

Notice that (14) corresponds to a linear combination in the log-likelihood domain. In X14), denote

the stream exponents (weights), that aom-negativeand in general, are a function of the modalitythe

HMM statec € C, and locally, the utterance frame (time) Such state- and time-dependence can be used

to model the speech class and “local” environment-based reliability of each stream. The exponents are often
constrained to\ .+ + Avcer = 1, or2. In most systems, they are set to global, modality-only dependent
values, i.e.As < As¢¢, forall classes € C and time instants, with the class dependence occasionly being
preserved, i.el ;. + Asct, forallt. Inthe latter case, the parameters of the multi-stream HMM are (see
also (6), (7), and (14))

A = [afy, {[Mac,Ave],ceC}]", where ayy = [r', bl, bJ ]’ (15)

consists of the HMM transition probabilitiesand the emission probability parametérs and by, of its
single-stream components.

The parameters ad,y can be estimatedeparatelyfor each stream component using the EM algorithm,
namely (8) fors € {A,V}, and subsequently, by setting the joint HMM transition probability vector equal to

the audio-one, i.e; = r,, or alternatively, to the product of the transition probabilities of the two HMMs,
i.e.,r = diag (rary) (See also (7)). The latter scheme is referred to in the Experiments sect#daMS-

Sep An obvious drawback of this approach is that the two single-modality HMMs are trained asynchronously
(i.e., using different forced alignments), whereas (14) assumes that the HMM stream components are state
synchronous. The alternative isjtontly estimate parametess,, in order to enforce state synchrony. Due

to the linear combination of stream log-likelihoods in (14), the EM algorithm carries on in the multi-stream
HMM case with minor changes (Rabiner and Juang, 1993; Young et al., 1999). As a result,

al") = argmaxQ(afl, a | OAV) (16)

can be used, a scheme referred toA®sMS-Joint Notice that the two approaches basically differ in the
E-step of the EM algorithm.
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AUDIO HMM STATES

VISUAL HMM STATES

A\

Figure 9: Left Phone-synchronous (state-asynchronous) multi-stream HMM with three states per phone and
modality. Right Its equivalent product (composite) HMM; black circles denote states that are removed when
limiting the degree of within-phone allowed asynchrony to one state. The single-stream emission probabilities
are tied for states along the same row (column) to the corresponding audio (visual) state ones.

COMPOSITE HMM STATES

In both separate and joint HMM training, the remainder of parameter vagtor consisting of the stream
exponents, needs to be obtained. Maximum likelihood estimation cannot be used for such parameters, and
discriminative training techniques have to be employed instead (Jourlin, 1997; Potamianos and Graf, 1998;
Nakamura, 2001; Gravier et al., 2002a). The issue is discussed later. Notice that HMM stream parameter and
stream exponent training iterations can be alternated in (16).

Intermediate Integration: The Product HMM

It is well known that visual speech activity precedes the audio signal by as much as 120 ms (Bregler and
Konig, 1994; Grant and Greenberg, 2001), which is close to the average duration of a phoneme. A gener-
alization of the state-synchronous multi-stream HMM can be used to model such audio and visual stream
asynchrony to some extent, by allowing the single modality HMMs to be in asynchrony within a model, but
forcing their synchrony at model boundaries instead. Single-stream log-likelihoods are linearly combined
at such boundaries using weights, similarly to (14). For LVCSR, a reasonable choice for forcing synchrony
constitute the phone boundaries. The resulting phone-synchronous audio-visual HMM is depicted in Figure
9, for the typical case of three states used per phone and modality.

Recognition based on this intermediate integration method requires the computation of the best state se-
guences for both audio and visual streams. To simplify decoding, the model can be formulapeddisca

HMM (Varga and Moore, 1990). Such model consistsahpositestatesc € C xC, that have audio-visual
emission probabilities of a form similar to (14), namely

K,

s Asecqt
Prio{™|c] = H [ Z Wye,k Np, (005 mycr, S5,k ) ] ; (17)

se{A,V} k=1

wherec = [ca,cyv]'. Notice thatin (17), the audio and visual stream components correspond to the emission
probabilities of certain audio and visual-only HMM states, as depicted in Figure 9. These single-stream
emission probabilities are tied for states along the same row, or column (depending on the modality), therefore
the original number of mixture weight, mean, and variance parameters is kept in the new model. However,
this is usually not the case with the number of transition probability paramig®erkc’ | ¢ ], ¢’, c"eCxC },

as additional transitions between the composite states need to be modeled. Such probabilities are often
factored as’r [¢'|c¢"] = Pr[c|c"] Pr[c,|c"], in which case the resulting product HMM is typically
referred to in the literature as tlwupled HMM(Brand et al., 1997; Chu and Huang, 2000, 2002; Nefian

et al., 2002). A further simplification of this factorization is sometimes employed, nafely’ |c"] =

Prc, |c{]Pr[c,|ct], asin Gravier et al. (2002b) for example, which results in a product HMM with the
same number of parameters as the state synchronous multi-stream HMM.

Given audio-visual training data, product HMM training can be performed similarly to separate, or joint,
multi-stream HMM parameter estimation, discussed in the previous subsection. In the first case, the com-
posite model is constructed based on individual single-modality HMMs estimated by (8), and on transition
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probabilities equal to the product of the audio- and visual-only ones. In the second case, referradkbSxs
PRODiIn the experiments reported later, all transition probabilities and HMM stream component parameters
are estimated at a single stage using (16) with appropriate parameter tying. In both schemes, stream expo-
nents need to be estimated separately. In the audio-visual ASR literature, product (or, coupled) HMMs have
been considered in some small-vocabulary recognition tasks (Tomlinson et al., 1996; Dupont and Luettin,
2000; Huang and Chen, 2001; Nakamura, 2001; Chu and Huang, 2002; Nefian et al., 2002), where synchro-
nization is sometimes enforced at the word level, and recently for LVCSR (Neti et al., 2000; Luettin et al.,
2001; Gravier et al., 2002b).

It is worth mentioning, that the product HMM allows the restriction of the degree of asynchrony between the
two streams, by excluding certain composite states in the model topology. In the extreme case, when only the
states that lie in its “diagonal” are kept, the model becomes equivalent to the state-synchronous multi-stream
HMM (see also Figure 9).

Late Integration: Discriminative Model Combination

A popular stage of combining audio- and visual-only recognition log-likelihoods is at the utterance end,
giving rise to late intergration. In small-vocabulary, isolated word speech recognition, this can be easily im-
plemented by calculating the combined likelihood for each word model in the vocabulary, given the acoustic
and visual observations (Adjoudani and B&nd996; Su and Silsbee, 1996; Cox et al., 1997; Gurbuz et
al., 2001). However, for connected word recognition, and even more so for LVCSR, the number of possi-
ble hypotheses of word sequences becomes prohibitively large. Instead, one has to limit the log-likelihood
combination to the top-best only hypotheses. Such hypotheses can be generated by the audio-only HMM,
an alternative audio-visual fusion technique, or can be the union of audio-only and visual-bes lists.

In this approach, the list of-best hypotheses for a particular utterande; ,h, ,...,h,}, are first forced-
aligned to their corresponding phone sequertes= {c;1,¢;i2,..., ¢ n, } by means of both audio- and
V|sual -only HMMs. Let the resulting phone ; boundaries be denoted )7 tad], fors € {A,V},

=1,...,N;,andi=1,....,n. Then, the audio-visual likelihoods of thebest hypsothzejsés are computed as
Pr(h;] ~ Pryy(h;)*™ H H Pr(o%) t e [tj"’]"“;,te“(s] | cij) ecia, (18)

se{A,V} j=1

where Priv(h;) denotes théanguage mode{LM) probability of hypothesish ;. The exponents in (18)

can be estimated using discriminative training criteria, as iiberiminative model combinatianethod of
Beyerlein (1998) and Vergyri (2000). The method is proposed for audio-visual LVCSR in Neti et al. (2000),
and it is referred to a8V-DMCin the Experiments section.

Stream Exponent Estimation and Reliability Modeling

We now address the issue of estimating stream exponents (weights), when combining likelihoods in the
audio-visual decision fusion techniques presented above (see (14), (17), and (18)). As already discussed, such
exponents can be set to constant values, computed for a particular audio-visual environment and database. In
this case, the audio-visual weights depend on the modality and possibly on the speech class, capturing the
confidence of the individual classifiers for the particular database conditions, and are estimated by seeking
optimal system performance on matched data. However, in a practical audio-visual ASR system, the quality
of captured audio and visual data, and thus the speech information present in them, can change dramatically
over time. To model this variability, utterance level or even frame level dependence of the stream exponents
is required. This can be achieved by first obtaining an estimate of the local environment conditions and then
using pre-computed exponents for this condition, or alternatively, by seeking a direct functional mapping
between “environment” estimates and stream exponents. In the following, we expand on these methodologies.

In the first approach, constant exponents are estimated based on training data, or more often, on held-out
data. Such stream exponents cannot be obtained by maximum likelihood estimation (Potamianos and Graf,
1998; Nakamura, 2001). Instead, discriminative training techniques have to be used. Some of these methods
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seek to minimize a smooth function of thenimum classification errofMCE) of the resulting audio-visual

model on the data, and employ theneralized probabilistic desce(fEPD) algorithm (Chou et al., 1994)

for stream exponent estimation (Potamianos and Graf, 1998; Miyajima et al., 2000; Nakamura et al. 2000;
Gravier et al., 2002a). Other techniques oaximum mutual informatiofMMI) training (Bahl et al., 1986),

such as the system reported by Jourlin (1997). Alternatively, one can seek to directly minimize the word error
rate of the resulting audio-visual ASR system on a held-out data set. In the case of global exponents across
all speech classes, constrained to add to a constant, the problem reduces to one-dimensional optimization of
a non-smooth function, and can be solved using simple grid search (Miyajima et al., 2000; Luettin et al.,
2001; Gravier et al., 2002a). For class dependent weights, the problem becomes of higher dimension, and the
downhill simplex method (Nelder and Mead, 1965) can be employed. This technique is used by Neti et al.
(2000) to estimate exponents for late decision fusion using (18). A different approach is to minimize frame
misclassification rate, by using theaximum entropgriterion (Gravier et al., 2002a).

In order to capture the effects of varying audio and visual environment conditions to the reliability of each
stream, utterance-level, and occasionly frame-level, dependence of the stream weights needs to be considered.
In most cases in the literature, exponents are considered as a function of the audio siggrateb-noise

ratio (SNR), and each utterance is decoded based on the fusion model parameters at its SNR (Adjoudani and
Benat, 1996; Meier et al., 1996; Cox et al., 1997; Teissier et al., 1999; Gurbuz et al., 2001). This SNR value is
either assumed known, or estimated from the audio channel (Cox et al., 1997). A linear dependence between
SNR and audio stream weight has been demonstrated by Meier et al. (1996). An alternative technique sets the
stream exponents to a linear function of the average conditartedpyof the recognizer output, computed

using the confusion matrix at a particular SNR for a small-vocabulary isolated word ASR task (Cox et al.,
1997). A different approach considers the audio stream exponent as a function of the degreengf

present in the audio channel, estimated as in Berthommier and Glotin (1999). The method was used at
the Johns Hopkins summer 2000 workshop (Neti et al., 2000; Glotin et al., 2001), and is referred to in the
Experiments section a»/-MS-UTTER

The above techniques do not allow modeling of possible variations in the visual stream reliability, since they
concentrate on the audio stream alone. Modeling such variability in the visual signal domain is challenging,
and instead it can be achieved using confidence measures of the resulting visual-only classifier. For example,
Adjoudani and Benn(1996) and Rogozan et al. (1997) use thepersionof both audio-only and visual-

only class posterior log-likelihoods to model the single-stream classifier confidences, and then compute the
utterance-dependent stream exponents as a closed form function of these dispersions. Similarly, Potamianos
and Neti (2000) consider various confidence measures, such as entropy and dispersion, to capture the relia-
bility of audio- and visual-only classification at the frame level, and estimate stream exponents on basis of
held-out data. Such exponents are held constant within confidence value intervals.

Audio-Visual Speaker Adaptation

Speaker adaptation is traditionally used in practical audio-only ASR systems to improve speaker-independent
system performance, when little data from a speaker of interest are available (Gauvain and Lee, 1994; Legget-
ter and Woodland, 1995; Neumeyer et al., 1995; Anastasakos et al., 1997; Gales, 1999). Adaptation is also
of interest across tasks or environments. In the audio-visual ASR domain, adaptation is of great importance,
since audio-visual corpora are scarce and their collection expensive.

Given few bimodal adaptation data from a particular speaker, and a baseline speaker-independent HMM, one
wishes to estimate adapted HMM parameters that better model the audio-visual observations of the particular
speaker. Two popular algorithms for speaker adaptatiomaamum likelihood linear regressiqivLLR

- Leggetter and Woodland, 1995) anthximum-a-posterioffMAP) adaptation (Gauvain and Lee, 1994).

MLLR obtains a maximum likelihood estimate of a linear transformation of the HMM means, while leav-

ing covariance matrices, mixture weights, and transition probabilities unchanged, and it provides successful
adaptation with a small amount of adaptation data (rapid adaptation). On the other hand, MAP follows
the Bayesian paradigm for estimating the HMM parameters. MAP estimates of HMM parameters slowly
converge to their EM-obtained estimates as the amount of adaptation data becomes large, however such a
convergence is slow, and therefore, MAP is not suitable for rapid adaptation. In practice, MAP is often used
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in conjunction with MLLR (Neumeyer et al., 1995). Both techniques can be used in feature fusion (Potami-
anos and Neti, 2001a) and decision fusion models discussed above (Potamianos and Potamianos, 1999), in
a straightforward manner. One can also consider feature level (front end) adaptation, by adapting, for exam-
ple, the audio-only and visual-only LDA and MLLT matrices, and in case HiLDA fusion is used, the joint
audio-visual LDA and MLLT matrices (Potamianos and Neti, 2001a). Experiments using these techniques
are reported in a later section. Alternative adaptation algorithms also exist, such as speaker adaptive training
(Anastasakos et al., 1997) and frontend MLLR (Gales, 1999), and can be used in audio-visual ASR (Vanegas
etal., 1998).

Summary on Audio-Visual Integration

We have presented a summary of the most common fusion techniques for audio-visual ASR. We first dis-
cussed the choice of speech classes and statistical ASR models that influence the design of some fusion
algorithms. Subsequently, we described a number of feature and decision integration techniques suitable for
bimodal LVCSR, and finally, briefly touched upon the issue of audio-visual speaker adaptation.

Among the fusion algorithms discussed, decision fusion techniques explicitly model the reliability of each
source of speech information, by using stream weights to linearly combine audio- and visual-only classifier
log-likelihoods. When properly estimated, the use of weights results in improved ASR over feature fusion
techniques, as reported in the literature and demonstrated in the Experiments section (Potamianos and Graf,
1998; Neti et al., 2000; Luettin et al., 2001). In most systems reported, such weights are set to a constant
value over each modality, possibly dependent on the audio-only channel quality (SNR). However, robust es-
timation of the weights at a finer level (utterance, or frame level) on basis of both audio and visual channel
characteristics has not been sufficiently addressed. Furthermore, the issue of whether speech class depen-
dence of stream weights is desirable, has also not been fully investigated. Although such dependence seems
to help in late integration schemes (Neti et al., 2000), or small-vocabulary tasks (Jourlin, 1997; Miyajima et
al., 2000), the problem remains unresolved for early integration in LVCSR (Gravier et al., 2002a).

There are additional open questions relevant to decision fusion: The first concerns the stage of measurement
level information integration, i.e., the degree of allowed asynchrony between the audio and visual streams.
The second has to do with the functional form of stream log-likelihood combination, as integration by means
of (14) is not necessarily optimal, and it fails to yield an emission probability distribution. Finally, it is worth
mentioning a theoretical shortcoming of the log-likelihood linear combination model used in the decision
fusion algorithms considered. In contrast to feature fusion, such combination assumes class conditional
independence of the audio and visual stream observations. This appears to be a non-realistic assumption
(Yehia et al., 1998). A number of models are being investigated to overcome this drawback (Pavlovic, 1998;
Pan et al., 1998).

AUDIO-VISUAL DATABASES

A major contributor to the progress achieved in traditional, audio-only ASR has been the availability of a wide
variety of large, multi-subject databases on a number of well-defined recognition tasks of different complex-
ities. These corpora have often been collected using funding from U.S. government agencies (for example,
the Defense Advanced Research Projects Agency and the National Science Foundation), or through well-
organized European activities, such as the Information System Technology program funded by the European
Commission, or the European Language Resources Association. The resulting databases are available to the
interested research groups by the Linguistic Data Consortium (LDC), or the European Language resources
Distribution Agency (ELDA), for example. Benchmarking research progress in audio-only ASR has been
possible on such common databases.

In contrast to the abundance of audio-only corpora, there exist only few databases suitable for audio-visual
ASR research. Thisis because the field is relatively young, but also due to the fact that audio-visual databases
pose additional challenges concerning database collection, storage, and distribution, not found in the audio-
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only domain. For example, computer acquisition of visual data at full size, frame rate, and high image quality,
synchronous to the audio input, requires expensive hardware, whereas even highly compressed visual data
storage consumes at least an order of magnitude more storage space than audio, making widespread database
distribution a non-trivial task. Although solutions have been steadily improving and becoming available

at a lower cost, these issues have seriously hindered availability of large audio-visual corpora. Additional
difficulties stem from the proprietary nature of some collected corpora, as well as privacy issues due to the
inclusion of the visual modality.

Most existing audio-visual databases are the result of efforts by few university groups or individual re-
searchers with limited resources. Therefore, most of these corpora suffer from one or more shortcomings
(Chibelushi et al., 1996, 2002; Hennecke et al., 1996): They contain a single or small number of subjects, af-
fecting the generalizability of developed methods to the wider population; they typically have small duration,
often resulting in undertrained statistical models, or non-significant performance differences between vari-
ous proposed algorithms; and finally, they mostly address simple recognition tasks, such as small-vocabulary
ASR of isolated or connected words. These limitations have caused a growing gap in the state-of-the art be-
tween audio-only and audio-visual ASR in terms of recognition task complexity. To help bridge this gap, we
have recently completed the collection of a large corpus suitable for audio-visual LVCSR, which we used for
experiments during the Johns Hopkins summer 2000 workshop (Neti et al., 2000). Some of these experiments
are summarized in the following section.

In the remainder of this section, we give an overview of the most commonly used audio-visual databases in
the literature. Some of these sets have been used by multiple sites and researchers, allowing some algorithm
comparisons. However, benchmarking on common corpora is not widespread. Subsequently, we describe the
IBM ViaVoice™ audio-visual database, and additional corpora used in the experiments reported in the next
section.

Overview of Small- and Medium-Vocabulary Audio-Visual Corpora

The first database used for automatic recognition of audio-visual speech was collected by Petajan (1984).
Data of a single subject uttering 2-10 repetitions of 100 isolated English words, including letters and digits,
were collected under controlled lighting conditions. Since then, several research sites have pursued audio-
visual data collection. Some of the resulting corpora are discussed in the following.

A number of databases are designed to study audio-visual recognition of consonants (C), vowels (V), or
transitions between them. For example, Adjoudani and B€h696) report a single-speaker corpus of 54

/' ViCV,CV;/ non-sense words (three French vowels and six consonants are considered). Su and Silsbee
(1996) recorded a single-speaker corpus of /aCa/ non-sense words for recognition of 22 English consonants.
Robert-Ribes et al. (1998), as well as Teissier et al. (1999) report recognition of ten French oral vowels uttered
by a single subject. Czap (2000) considers a single-subject corp¥s@Y{/ and /C,VC,/ non-sense words

for recognition of Hungarian vowels and consonants.

The most popular task for audio-visual ASR is isolated or connected digit recognition. Various corpora
allow digit recognition experiments. For example, the Tulipsl database (Movellan and Chadderdon, 1996)
contains recordings of 12 subjects uttering digits “one” to “four”, and has been used for isolated recognition
of these four digits in a number of papers (Luettin et al., 1996; Movellan and Chadderdon, 1996; Gray
et al., 1997; Vanegas et al., 1998; Scanlon and Reilly, 2001). The M2VTS database, although tailored to
speaker verification applications, also contains digit (“0” to “9”) recordings of 37 subjects, mostly in French
(Pigeon and Vandendorpe, 1997), and it has been used for isolated digit recognition experiments (Dupont
and Luettin, 2000; Miyajima et al., 2000); XM2VTS, an extended version of this database containing 295
subjects has recently been completed in the English language (Messer et al., 1999). Additional single-subject
digit databases include the NATO RSG10 digit-triples set, used by Tomlinson et al. (1996) for isolated digit
recognition, and two connected-digits databases reported by Potamianos et al. (1998), and Heckmann et
al. (2001). Finally, two very recent databases, suitable for multi-subject connected digit recognition, have
been collected at the University of lllinois at Urbana-Champaign (a 100-subject set), with results reported in
Chu and Huang (2000) and Zhang et al. (2000), and at Clemson University (the 36-subject CUAVE dataset),
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Figure 10. Example video frames of ten subjects from the IBM ViaVdi¥eaudio-visual database. The
database contains approximately 50 hrs of continuous, dictation-style audio-visual speech by 290 subjects,
collected with minor face pose, lighting, and background variation (Neti et al., 2000).

as discussed in Patterson et al. (2002).

Isolated or connected letter recognition constitutes another popular audio-visual ASR task. German con-
nected letter recognition on data of up to six subjects has been reported by Bregler et al. (1993), Bregler and
Konig (1994), Duchnowski et al. (1994), and Meier et al. (1996), whereas Krone et al. (1997) work on single-
speaker isolated German letter recognition. Single-, or two-subject, connected French letter recognition is
considered in Alissali et al. (1996), ArehObrecht et al. (1997), Jourlin (1997), Rogozan et al. (1997), and
Rogozan (1999). Finally, for English, a 10-subject isolated letter dataset is used by Matthews et al. (1996)
and Cox et al. (1997), whereas a 49-subject connected letter database by Potamianos et al. (1998).

In addition to letter or digit recognition, a number of audio-visual databases have been collected that are
suitable for recognition of isolated words. For example, Silsbee and Bovik (1996) have collected a single-
subject, isolated word corpus with a vocabulary of 500 words. Recognition of single-subject command words
for radio/tape control has been used by Chiou and Hwang (1997), as well as by Gurbuz et al. (2001), and
Patterson et al. (2001). A 10-subject isolated word database with a vocabulary size of 78 words is considered
by Chen (2001) and Huang and Chen (2001). This corpus has been collected at Carnegie Mellon University
(AMP/CMU database), and has also been used by Chu and Huang (2002), Nefian et al. (2002), and Zhang et
al. (2002), among others. Single-subject, isolated word recognition in Japanese is reported in Nakamura et
al. (2000) and Nakamura (2001), whereas a single-subject German command word recognition is considered
by Kober et al. (1997).

Finally, few audio-visual databases are suitable for continuous speech recognition in limited, small-
vocabulary domains: Goldschen et al. (1996) have collected single-subject data uttering 150 TIMIT sentences
three times. Chan et al. (1998) collected 400 single-subject military command and control utterances. An
extended multi-subject version of this database (still with a limited vocabulary of 101 words) is reported in
Chu and Huang (2000).

The IBM ViaVoice ™ Audio-Visual Database

To date, the largest audio-visual database collected, and the only one suitable for speaker-independent
LVCSR, is the IBM Viavoicé™ audio-visual database. The corpus consists of full-face frontal video and
audio of 290 subjects (see also Figure 10), uttering ViaVoiteaining scripts, i.e., continuous read speech

with mostly verbalized punctuation, dictation style. The database video i80afat80 pixel size, interlaced,
captured in color at a rate of 30 Hz (i.e., 60 fields per second are available at a resolution of 240 lines), and
it is MPEG2 encoded at the relatively high compression ratio of about 50:1. High quality wideband audio

is synchronously collected with the video at a rate of 16 kHz and at a relatively clean audio environment
(quiet office, with some background computer noise), resulting in a 19.5 dB SNR. The duration of the entire
database is approximately 50 hours, and it contains 24,325 transcribed utterances with a 10,403-word vocab-
ulary, from which 21,281 utterances are used in the experiments reported in the next section. In addition to
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Figure 11: The audio-visual ASR system employed in some of the experiments reported in this chapter. In
addition to the baseline system used during the Johns Hopkins summer 2000 workshop, a larger mouth ROI
is extracted, within-frame discriminant features are used, and a longer temporal window is considered in the
visual front end (compare to Figure 7). HiLDA feature fusion is employed.

LVCSR, a 50-subject connected digit database has been collected at IBM, in order to study the visual modal-
ity benefit to a popular small-vocabulary ASR task. This DIGITS corpus contains 6689 utterances of 7- and
10-digit strings (both “zero” and “oh” are used) with a total duration of approximately 10 hrs. Furthermore,
to allow investigation of automatic speechreading performance for impaired speech (Potamianos and Neti,
2001a), both LVCSR and DIGITS audio-visual speech data of a single speech impaired male subject with
profound hearing loss have been collected. In Table 3, a summary of the above corpora is given, together
with their partitioning used in the experiments reported in the following section.

AUDIO-VISUAL ASR EXPERIMENTS

In this section, we present experimental results on visual-only and audio-visual ASR using mainly the IBM
ViaVoice™ database, discussed above. Some of these results have been obtained during the Johns Hopkins
summer 2000 workshop (Neti et al., 2000). Experiments conducted later on both these data, as well as on
the IBM connected digits task (DIGITS) are also reported (Potamianos et al., 2001a; Goecke et al., 2002;
Gravier et al., 2002a). In addition, the application of audio-visual speaker adaptation methods on the hearing
impaired dataset is also discussed (Potamianos and Neti, 2001a). First, however, we briefly describe the basic
audio-visual ASR system, as well as the experimental framework used.

The Audio-Visual ASR System

Our basic audio-visual ASR system utilizes appearance based visual features, that use a discrete cosine trans-
form (DCT) of the mouth region-of-interest (ROI), as described in Potamianos et al. (2001b). Given the
video of the speaker’s face, available at 60 Hz, it first performs face detection and mouth center and size
estimation employing the algorithm of Senior (1999), and on basis of these, it extracts a size-normalized,
64 x 64 greyscale pixel mouth ROI, as discussed in a previous section (see also Figure 2). Subsequently, a
two-dimensional, separable, fast DCT is applied on the ROI, and its 24 highest energy coefficients (over the
training data) are retained. A number of post-processing steps are applied on the resulting “static” feature
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Speech|Recognition)|  Training set Held-out set Adaptation set Test set

condition]  task Utter.| Dur. [Sub. Utter.| Dur. [Sub/ Utter.| Dur. [Sub/ Utter.| Dur. |Sub.
Normal LVCSR ||1711134:55 239|| 2277 4:47 | 25 || 855 | 2:03 | 26 || 1038| 2:29 | 26
DIGITS 5490 8:01] 50| 670] 0:58 | 50 || 670 | 0:58 | 50 || 529| 0:46 | 50
Impaired LVCSR N/A N/A 50011 1 501011 1
DIGITS N/A N/A 80|0:.08| 1 60| 0:06| 1

Table 3. The IBM audio-visual databases discussed and used in the experiments reported in this chapter.
Their partitioning into training, held-out, adaptation, and test sets is depicted (number of utterances, dura-
tion (in hours), and number of subjects are shown for each set). Both large-vocabulary continuous speech
(LVCSR) and connected digit (DIGITS) recognition are considered for normal, as well as impaired speech.
The IBM ViaVoice™ database corresponds to the LVCSR task in the normal speech condition. For the nor-
mal speech DIGITS task, the held-out and adaptation sets are identical. For impaired speech, due to the lack
of sufficient training data, adaptation of HMMs trained in the normal speech condition is considered.

vector, namely, linear interpolation to the audio feature rate (from 60 to 100 Hz), feature mean normaliza-
tion (FMN) for improved robustness to lighting and other variations, concatenation of 15 adjacent features
to capture dynamic speech information (see also (5)), and linear discriminant analysis (LDA) for optimal
dimensionality reduction, followed by a maximum likelihood data rotation (MLLT) for improved statistical
data modeling. The resulting feature veoﬁéY) has dimension 41. These steps are described in more detalil

in the Visual front end section of this chapter (see also Figure 7). Improvements to this DCT based visual
front end have been proposed in Potamianos and Neti (2001b), including the use of a larger ROI, a within-
frame discriminant DCT feature selection, and a longer temporal window (see Figure 11). During the Johns
Hopkins summer workshop, and in addition to the DCT based features, joint appearance and shape features
by means of active appearance models (AAMs) have also been employed. In particular, 6000-dimensional
appearance vectors containing the normalized face color pixel values, and 134-dimensional shape vectors of
the face shape coordinates are extracted at 30 Hz, and are passed through two stages of principal compo-
nents analysis (PCA). The resulting “static” AAM feature vector is 86-dimensional, and it is post-processed
similarly to the DCT feature vector (see Figure 7), resulting to 41-dimensional “dynamic” features.

In parallel to the visual front end, traditional audio features are extracted at a 100 Hz rate that consist of mel
frequency cepstral coefficients (MFCCs) and its energy (Rabiner and Juang, 1993; Deller et al., 1993; Young
etal., 1999). The obtained “static” feature vector is 24-dimensional, and following FMN, LDA on 9 adjacent
frames, and MLLT, it gives rise to a 60-dimensional dynamic speech vexfdr,as depicted in Figure 11.

The audio and visual front ends provide time-synchronous audio and visual feature vectors that can be used in
a number of fusion techniques discussed in a previous section. The derived concatenated audio-visual vector
0™ has dimension01, whereas in the HiLDA feature fusion implementation, the bimodal LDA generates
featureso! """ with a reduced dimensionalitp (see also Figure 11).

In all cases where LDA and MLLT matrices are employed (audio-, visual-only, and audio-visual feature
extraction by means of HIiLDA fusion), we considgl| = 3367 context-dependent sub-phonetic classes
that coincide with the context-dependent states of an available audio-only HMM, that has been previously
developed at IBM for LVCSR, trained on a nhumber of audio corpora (Polymenakos et al., 1998). The forced
alignment (Rabiner and Juang, 1993) of the training set audio, based on this HMM and the data transcriptions,
produces labelg(l) € C for the training set audio-, visual-, and audio-visual data vectprd = 1,..., L.

Such labeled vectors can then be used to estimate the required mBigesPyr, as described in the

Visual front end section of this chapter.

The Experimental Framework

The audio-visual databases discussed above have been partitioned into a number of sets in order to train and
evaluate models for audio-visual ASR, as detailed in Table 3. For both LVCSR and DIGITS speech tasks in
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| Modality | Remarks| WER || Modality | Remarks | WER |

DCT 58.1 || Acoustic | MFCC (noisy) 55.0
Visual DWT 58.8 Oracle 31.2
PCA 59.4 None Anti-oracle 102.6
AAM 64.0 LM bestpath | 62.0

Table 4. Comparisons of various visual features (three appearance based features, and one joint shape and
appearance feature representation) for speaker-independent LVCSR (Neti et al., 2000; Matthews et al., 2001).
Word error rate (WER), %, is depicted on a subset of the IBM ViaVblitdatabase test set of Table 3. Visual
performance is obtained after rescoring of lattices, that have been previously generated based on noisy (at 8.5
dB SNR) audio-only MFCC features. For comparison, characteristic lattice WERs are also depicted (oracle,
anti-oracle, and best path based on language model scores alone). Among the visual speech representations
considered, the DCT based features are superior and contain significant speech information.

the normal speech condition, the correspondiaming sets are used to obtain all LDA and MLLT matrices
required, the phonetic decision trees that cluster HMM states on basis of phonetic context, as well as to
train all HMMs reported. Théeld-outsets are used to tune parameters relevant to audio-visual decision
fusion and decoding (such as the multi-stream HMM and language model weights, for example), whereas
thetest setsare used for evaluating the performance of the trained HMMs. Optionallgdhptation sets

can be employed for tuning the front ends and/or HMMs to the characteristics of the test set subjects. In
the LVCSR case, the subject populations of the training, held-out, and test sets are disjoint, thus allowing
for speaker-independentcognition, whereas in the DIGITS data partitioning, all sets have data from the
same 50 subjects, thus allowingulti-speakeexperiments. Due to this fact, the adaptation and held-out sets
for DIGITS are identical. For the impaired speech data, the duration of the collected data is too short to
allow HMM training. Therefore, LVCSR HMMs trained on the IBM ViaVoit¥ dataset are adapted on the
impaired LVCSR and DIGITS adaptation sets (see Table 3).

To assess the benefit of the visual modality to ASR in noisy conditions (in addition to the relatively clean audio
condition of the database recordings), we artificially corrupt the data audio with additive, non-stationary,
speech babblée noise at various SNRs. ASR results are then reported at a number of SNRs, ranging within
[-1.5,19.5] dB for LVCSR and[—3.5,19.5] dB for DIGITS, with all corresponding front end matrices and
HMMs trained in thematchedcondition. In particular, during the Johns Hopkins summer 2000 workshop,
only two audio conditions were considered for LVCSR: The original 19.5 dB SNR audio and a degraded
one at 8.5 dB SNR. Notice that, in contrast to the audio, no noise is added to the video channel or features.
Many cases of “visual noise” could have been considered, such as additive noise on video frames, blurring,
frame rate decimation, and extremely high compression factors, among others. Some preliminary studies on
the effects of video degradations to visual recognition can be found in the literature (Davoine et al., 1997;
Williams et al., 1997; Potamianos et al., 1998). These studies find automatic speechreading performance to
be rather robust to video compression for example, but to degrade rapidly for frame rates below 15 Hz.

The ASR experiments reported next follow two distinct paradigms. The results on the IBM VidVbice

data obtained during the Johns Hopkins summer 2000 workshop emigltiica rescoringparadigm, due to

the limitations in large-vocabulary decoding of the HTK software used there (Young et al., 1999); namely,
lattices were first generated prior to the workshop using the IBM Research decoder (Hark) with HMMs
trained at IBM, and subsequently rescored during the workshop, by trained tri-phone context-dependent
HMMs on various feature sets or fusion techniques using HTK. Three sets of lattices were generated for
these experiments, and were based on clean audio-only (19.5 dB), noisy audio-only, and noisy audio-visual
(at the 8.5 dB SNR condition) HILDA features. In the second experimental paratiijrdecodingresults
obtained by directly using the IBM Research recognizer are reported. For the LVCSR experiments, 11-phone
context-dependent HMMs with 2,808 context-dependent states and 47 k Gaussian mixtures are used, whereas
for DIGITS recognition in normal speech the corresponding numbers are 159 and 3.2 k (for single-stream
models). Decoding using the closed set vocabulary (10,403 words) and a trigram language model is employed
for LVCSR (this is the case also for the workshop results), whereas the 11 digit (“zero” to “nine”, including



Chapter to appear in: Issuesin Visual and Audio-Visual Speech Processing, G. Bailly, E. Vatikiotis-Bateson, and P. Perrier, Eds., MIT Press, 2004

| Audio Condition: | Clean | Noisy || Audio Condition: | Clean| Noisy |
Audio-only 14.44 48.10 || AV-MS-Joint (DF) 14.62| 36.61
AV-Concat (FF) 16.00 40.00 || AV-MS-Sep (DF) 14.92 | 38.38
AV-HILDA (FF) 13.84 36.99 || AV-MS-PROD (DF) 14.19| 35.21
AV-DMC (DF) 13.65— 12.95 — AV-MS-UTTER (DF) | 13.47 | 35.27

Table 5: Test set speaker-independent LVCSR audio-only and audio-visual WER, %, for the clean (19.5 dB
SNR) and a noisy audio (8.5 dB) condition. Two feature fusion (FF) and five decision fusion (DF) based
audio-visual systems are evaluated using the lattice rescoring paradigm (Neti et al., 2000; Glotin et al., 2001;
Luettin et al., 2001).

“oh™) word vocabulary is used for DIGITS (with unknown digit string length).

Visual-Only Recognition

The suitability for LVCSR of a number of appearance based visual features and AAMs was studied during and
after the Johns Hopkins summer workshop (Neti et al., 2000; Matthews et al., 2001). For this purpose, noisy
audio-only lattices were rescored by HMMs trained on the various visual features considered, namely 86-
dimensional AAM features, as well as 24-dimensional DCT, PCA3@r 32 pixel mouth ROIs), and DWT

based features. All features were post-processed as previously discussed to yield 41-dimensional feature
vectors (see Figure 7). For the DWT features, the Daubechies class wavelet filter of approximating order 3 is
used (Daubechies, 1992; Press et al., 1995). LVCSR recognition results are reported in Table 4, depicted in
word error rate(WER), %. The DCT outperformed all other features considered. Notice however that these
results cannot be interpreted as visual-only recognition, since they correspond to cascade audio-visual fusion
of audio-only ASR, followed by visual-only rescoring of a network of recognized hypotheses. For reference,

a number of characteristic lattice WERSs are also depicted in Table 4, including the audio-only (at 8.5 dB)
result. All feature performances are bounded by the lattreele andanti-oracleWERS. It is interesting to

note that all appearance based features considered attain lower WERS (e.g., 58.1% for DCT features) than the
WER of the best path through the lattice based on the language model alone (62.0%). Therefore, such visual
features do convey significant speech information. AAMs on the other hand did not perform well, possibly
due to severe undertraining of the models, resulting in poor fitting to unseen facial data.

As expected, visual-only recognition based on full decoding (instead of lattice rescoring) is rather poor. The
LVCSR WER on the speaker-independent test set of Table 3, based on per-speaker MLLR adaptation is
reported at 89.2% in Potamianos and Neti (2001b), using the DCT features of the workshop. Extraction of
larger ROIs and the use of within frame DCT discriminant features and longer temporal windows (as depicted
in Figure 11) result in the improved WER of 82.3%. In contrast to LVCSR, DIGITS visual-only recognition
constitutes a much easier task. Indeed, on the multi-speaker test set of Table 3, a 16.8% WER is achieved
after per-speaker MLLR adaptation.

Audio-Visual ASR

A number of audio-visual integration algorithms presented in the fusion section of this chapter were compared
during the Johns Hopkins summer 2000 workshop. As already mentioned, two audio conditions were con-
sidered: The original clean database audio (19.5 dB SNR) and a noisy one at 8.5 dB SNR. In the first case,
fusion algorithm results were obtained by rescoring pre-generated clean audio-only lattices; at the second
condition, HIiLDA noisy audio-visual lattices were rescored. The results of these experiments are summa-
rized in Table 5. Notice that every fusion method considered outperformed audio-only ASR in the noisy case,
reaching up to a 27% relative reduction in WER (from 48.10% noisy audio-only to 35.21% audio-visual). In
the clean audio condition, among the two feature fusion techniques considered, HiLDA fusion (Potamianos
et al., 2001a) improved ASR from 14.44% audio-only to a 13.84% audio-visual WER, however concatena-
tive fusion degraded performance to 16.0%. Among the decision fusion algorithms used, the product HMM
(AV-MS-PROD) with jointly trained audio-visual components (Luettin et al., 2001) improved performance
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Figure 12. Comparison of audio-only and audio-visual ASR by means of three feature fusion (AV-Concat,
AV-HILDA, and AV-Enhanced) algorithms and one decision fusion (AV-MS-Joint) technique, using the full
decoding experimental paradigm. WERs vs. audio channel SNR are reported on both the IBM Vi¥\Voice
test set (speaker-independent LVCIBft), as well as on the multi-speaker DIGITS test sigit) of Table 3.

HiLDA feature fusion outperforms alternative feature fusion methods, whereas decision fusion outperforms
all three feature fusion approaches, resulting in an effective SNR gain of 7 dB for LVCSR and 7.5 dB for
DIGITS, at 10 dB SNR (Potamianos et al., 2001a; Goecke et al., 2002; Gravier et al., 2002a). Notice that the
WER range in the two graphs differs.

to a 14.19% WER. In addition, utterance-based stream exponents for a jointly trained multi-stream HMM
(AV-MS-UTTER), estimated using an average of the voicing present at each utterance, further reduced WER
to 13.47% (Glotin et al., 2001), achieving a 7% relative WER reduction over audio-only performance. Fi-
nally, a late integration technique based on discriminative model combination (AV-DMC) of audio and visual
HMMs (Beyerlein, 1998; Vergyri, 2000; Glotin et al., 2001) produced a WER of 12.95%, amounting to a
5% reduction from its clean audio-only baseline of 13.65% (this differs from the 14.44% audio-only result
due to the rescoring of-best lists instead of lattices). Notice, that for both clean and noisy audio conditions,
the best decision fusion method outperformed the best feature fusion technique considered. In addition, for
both conditions, joint multi-stream HMM training outperformed separate training of the HMM stream com-
ponents, something not surprising, since joint training forces state synchrony between the audio and visual
streams.

To further demonstrate the differences between the various fusion algorithms and to quantify the visual
modality benefit to ASR, we review a number of full decoding experiments recently conducted for both
the LVCSR and DIGITS tasks, and at a large number of SNR conditions (Potamianos et al., 2001a; Goecke
et al., 2002; Gravier et al., 2002a). All three feature fusion techniques discussed in the relevant section of
this chapter are compared to decision fusion by means of a jointly trained multi-stream HMM. The results
are depicted in Figure 12. Among the feature fusion methods considered, HIiLDA feature fusion is superior
to both concatenative fusion and the enhancement approach. In the clean audio case for example, HiLDA
fusion reduces the audio-only LVCSR WER of 12.37% to 11.56% audio-visual, whereas feature concatena-
tion degrades performance to 12.72% (the enhancement method obviously provides the original audio-only
performance in this case). Notice that these results are somewhat different to the ones reported in Table 5, due
to the different experimental paradigm considered. In the most extreme noisy case considered for LVCSR
(-1.5 dB SNR), the audio-only WER of 92.16% is reduced to 48.63% using HiLDA, compared to 50.76%
when feature concatenation is employed and 63.45% when audio feature enhancement is used. Similar re-
sults hold for DIGITS recognition, although the difference between HIiLDA and concatenative feature fusion
ASR is small, possibly due to the fact that HMMs with significantly less Gaussian mixtures are used, and the
availability of sufficient data to train on high dimensional concatenated audio-visual vectors. The comparison
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Task— LVCSR DIGITS

| Method | Modality— | AU | vi | Av AU | vi | av

Unadapted 116.022]136.359]106.014] 52.381] 48.016] 24.801
MLLR 52.044(110.166| 42.873|| 3.770| 16.667| 0.992
MAP 52.376(101.215| 44.199|| 3.373| 12.103| 1.190
MAP+MLLR 47.624| 95.027| 41.216| 2.381| 10.516| 0.992
Mat+MAP 52.928| 98.674| 46.519|| 3.968| 8.730| 1.190
Mat+MAP+MLLR 50.055| 93.812| 41.657| 2.381| 8.531| 0.992

Table 6: Adaptation results on the speech impaired data. WER, %, of the audio-only (AU), visual-only
(VI1), and audio-visual (AV) modalities, using HILDA feature fusion, is reported on both the LVQ&R (

table part) and DIGITS test setsght table) of the speech impaired data using unadapted HMMs (trained

in normal speech), as well as a number of HMM adaptation methods. All HMMs are adapted on the joint
speech impaired LVCSR and DIGITS adaptation sets of Table 3. For the continuous speech results, decoding
using the test set vocabulary of 537 words is reported. MAP followed by MLLR adaptation, and possibly
preceded by front end matrix adaptation (Mat), achieves the best results for all modalities and for both tasks
considered (Potamianos and Neti, 2001a).

between multi-stream decision fusion and HiLDA fusion reveals that the jointly trained multi-stream HMM
performs significantly better. For example, at-1.5 dB SNR, LVCSR WER is reduced to 46.28% (compared to
48.63% for HILDA). Similarly, for DIGITS recognition at -3.5 dB, the HILDA WER is 7.51%, whereas the
multi-stream HMM WER is significantly lower, namely 6.64%. This is less than one third of the audio-only
WER of 23.97%.

A useful indicator when comparing fusion techniques and establishing the visual modality benefit to ASR
is theeffective SNR gajrmeasured here with reference to the audio-only WER at 10 dB. To compute this
gain, we need to consider the SNR value where the audio-visual WER equals the reference audio-only WER
(see Figure 12). For HILDA fusion, this gain equals approximately 6 dB for both LVCSR and DIGITS tasks.
Jointly trained multi-stream HMMs improve these gains to 7 dB for LVCSR and 7.5 dB for DIGITS, at 10 dB
SNR. Full decoding experiments employing additional decision fusion techniques are currently in progress.
In particular, intermediate fusion results by means of the product HMM are reported in Gravier et al. (2002b).

Audio-Visual Adaptation

We now describe recent experiments on audio-visual adaptation in a case study of single-subject audio-visual
ASR of impaired speech (Potamianos and Neti, 2001a). As already indicated, the small amount of speech
impaired data collected (see Table 3) is not sufficient for HMM training, thus calling for speaker adaptation
techniques instead. A number of such methods, described in a previous section, are used for adapting audio-
only, visual-only, and audio-visual HMMs suitable for LVCSR. The results on both speech impaired LVCSR
and DIGITS tasks are depicted in Table 6. Notice, that due to poor accuracy on impaired speech, decoding
on the LVCSR task is performed using the 537 word test set vocabulary of the dataset. Clearly, the mismatch
between the normal and impaired speech data is dramatic, as the “Unadapted” table entries demonstrate.
Indeed, the audio-visual WER in the LVCSR task reaches 106.0% (such large numbers occur due to word
insertions), whereas the audio-visual WER in the DIGITS task is 24.8% (in comparison, the normal speech,
per subject adapted audio-visual LVCSR WER is 10.2%, and the audio-visual DIGITS WER is only 0.55%,
computed on the test sets of Table 3).

We first consider MLLR and MAP HMM adaptation using the joint speech impaired LVCSR and DIGITS
adaptation tests. Audio-, visual-only, and audio-visual performances improve dramatically, as demonstrated
in Table 6. Due to the rather large adaptation set, MAP performs similarly well to MLLR. Applying MLLR
after MAP improves results, and it reduces the audio-visual WER to 41.2% and 0.99% for the LVCSR and
DIGITS tasks, respectively, amounting to a 61% and 96% relative WER reduction over the audio-visual
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unadapted results, and to a 13% and 58% relative WER reduction over the audio-only MAP+MLLR adapted
results. Clearly therefore, the visual modality dramatically benefits the automatic recognition of impaired
speech. We also apply front end adaptation, possibly followed by MLLR adaptation, with the results depicted
in the Mat+MAP(+MLLR) entries of Table 6. Although visual-only recognition improves, the audio-only
recognition results fail to do so. As a consequence, audio-visual ASR degrades, possibly also due to the fact
that, in this experiment, audio-visual matrix adaptation is only applied to the second stage of LDA/MLLT.

SUMMARY AND DISCUSSION

In this chapter, we provided an overview of the basic techniques for automatic recognition of audio-visual

speech, proposed in the literature over the past twenty years. The two main issues relevant to the design of
audio-visual ASR systems are: First, the visual front end that captures visual speech information and, second,
the integration (fusion) of audio and visual features into the automatic speech recognizer used. Both are
challenging problems, and significant research effort has been directed towards finding appropriate solutions.

We first discussed extracting visual features from the video of the speaker’s face. The process requires first the
detection and tracking of the face, mouth region, and possibly the speaker’s lip contours. A number of mostly
statistical techniques, suitable for the task were reviewed. Various visual features proposed in the literature
were then presented. Some are based on the mouth region appearance and employ image transforms or other
dimensionality reduction techniques borrowed from the pattern recognition literature, in order to extract
relevant speech information. Others capture the lip contour and possibly face shape characteristics, by means
of statistical, or geometric models. Combinations of features from these two categories are also possible.

Subsequently, we concentrated on the problem of audio-visual integration. Possible solutions to it differ in
various aspects, including the classifier and classes used for automatic speech recognition, the combination
of single-modality features vs. single-modality classification decisions, and in the latter case, the information
level provided by each classifier, the temporal level of the integration, and the sequence of such decision
combination. We concentrated on HMM based recognition, based on sub-phonetic classes, and, assuming
time-synchronous audio and visual feature generation, we reviewed a number of feature and decision fusion
techniques. Within the first category, we discussed simple feature concatenation, discriminant feature fusion,
and a linear audio feature enhancement approach. For decision based integration, we concentrated in linear
log-likelihood combination of parallel, single-modality classifiers at various levels of integration, considering
the state-synchronous multi-stream HMM for “early” fusion, the product HMM for “intermediate” fusion,

and discriminative model combination for “late” integration, and we discussed training the resulting models.

Developing and benchmarking feature extraction and fusion algorithms requires available audio-visual data.
A limited number of corpora suitable for research in audio-visual ASR have been collected and used in the
literature. A brief overview of them was also provided, followed by a description of the IBM ViaWice
database, suitable for speaker-independent audio-visual ASR in the large-vocabulary, continuous speech do-
main. Subsequently, a number of experimental results were reported using this database, as well as additional
corpora recently collected at IBM. Some of these experiments were conducted during the summer 2000 work-
shop at the Johns Hopkins University, and compared both visual feature extraction and audio-visual fusion
methods for LVCSR. More recent experiments, as well as a case study of speaker adaptation techniques
for audio-visual recognition of impaired speech were also presented. These experiments showed that a vi-
sual front end can be designed that successfully captures speaker-independent, large-vocabulary continuous
speech information. Such a visual front end uses discrete cosine transform coefficients of the detected mouth
region of interest, suitably post-processed. Combining the resulting visual features with traditional acoustic
ones results in significant improvements over audio-only recognition in both clean and of course degraded
acoustic conditions, across small and large vocabulary tasks, as well as for both normal and impaired speech.
A successful combination technique is the multi-stream HMM based decision fusion approach, or the simpler,
but inferior, discriminant feature fusion (HiLDA) method.

This chapter clearly demonstrates that, over the past twenty years, much progress has been accomplished
in capturing and integrating visual speech information into automatic speech recognition. However, the
visual modality has yet to become utilized in mainstream ASR systems. This is due to the fact that issues



Chapter to appear in: Issuesin Visual and Audio-Visual Speech Processing, G. Bailly, E. Vatikiotis-Bateson, and P. Perrier, Eds., MIT Press, 2004

of both practical and research nature remain challenging. On the practical side of things, the high quality
of captured visual data, which is necessary for extracting visual speech information capable of enhancing
ASR performance, introduces increased cost, storage, and computer processing requirements. In addition,
the lack of common, large audio-visual corpora that address a wide variety of ASR tasks, conditions, and
environments, hinders development of audio-visual systems suitable for use in particular applications.

On the research side, the key issues in the design of audio-visual ASR systems remain open and subject to
more investigation. In the visual front end design, for example, face detection, facial feature localization,
and face shape tracking, robust to speaker, pose, lighting, and environment variation constitute challenging
problems. A comprehensive comparison between face appearance and shape based features for speaker-
dependent vs. speaker-independent automatic speechreading is also unavailable. Joint shape and appearance
three-dimensional face modeling, used for both tracking and visual feature extraction has not been considered
in the literature, although such an approach could possibly lead to the desired robustness and generality of
the visual front end. In addition, when combining audio and visual information, a number of issues relevant

to decision fusion require further study, such as the optimal level of integrating the audio and visual log-
likelihoods, the optimal function for this integration, as well as the inclusion of suitable, local estimates of

the reliability of each modality into this function.

Further investigation of these issues is clearly warranted, and it is expected to lead to improved robustness
and performance of audio-visual ASR. Progress in addressing some or all of these questions can also benefit
other areas where joint audio and visual speech processing is suitable (Chen and Rao, 1998), such as speaker
identification and verification (Jourlin et al., 1997; Wark and Sridharan, 19@®&aret al., 1999; Jain et al.,

1999; Maison et al., 1999; Chibelushi et al., 2002; Zhang et al., 2002), visual text-to-speech (Cohen and
Massaro, 1994; Chen et al., 1995; Cosatto et al., 2000), speech event detection (De Cuetos et al., 2000),
video indexing and retrieval (Huang et al., 1999), speech enhancement (Girin et al., 2001b), coding (Foucher
et al., 1998), signal separation (Girin et al., 2001a), and speaker localization (Bub et al., 1995; Wang and
Brandstein, 1999; Zotkin et al., 2002). Improvements in these areas will result in more robust and natural
human-computer interaction.
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