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Abstract - This paper investigates the use of Fisher-Rao linear discri-
minant analysis (LDA) as a means of visual feature extraction for hidden
Markov model based automatic speechreading. For every video frame,
a three-dimensional region of interest containing the speaker's mouth
over a sequence of adjacent frames is lexicographically arranged into
a data vector. Such vectors are then projected onto the space of the
most discriminant \eigensequences", estimated by means of LDA on a
training set of image sequence vectors, labeled from a set of a-priori cho-
sen classes. The resulting projections, as well as their �rst and second
derivatives over time, are used as features for automatic speechread-
ing. The proposed method is applied to single-speaker, multi-speaker,
and speaker-independent visual-only recognition tasks, consistently out-
performing principal component analysis and discrete wavelet transform
based visual features. Speci�c issues relevant to LDA are also discussed,
namely, class selection, automatic data class labeling, and dimensionality
reduction prior to LDA.

INTRODUCTION

One of the main di�culties in automatic speechreading is the visual front

end design. Given the image sequence of a speaker's mouth region, such a de-
sign should extract visual features that contain relevant information about the
spoken word sequence and allow high accuracy, speaker-independent speech-
reading by means of a hidden Markov model (HMM) based recognizer [1].
Such features can then be used in addition to traditional audio features to
improve automatic speech recognition [2], [3].

In general, speechreading features are based on lip contour modeling [3],
or on compressed representations of the image pixel values containing the
speaker's mouth [2-5]. Various such representations are studied in [5]. Among
them, the discrete wavelet transform (DWT) [5], as well as a principal compo-

nent analysis (PCA) based projection [2], [6], yield high accuracy visual-only
recognition, consistently outperforming lip contour based features. However,
neither the DWT, nor PCA, is designed to achieve optimal discrimination
among the classes of interest, such as the spoken words. Fisher-Rao lin-

ear discriminant analysis (LDA) [7] provides the optimal data projection for
achieving maximum such discrimination. Not surprisingly, LDA has been
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successful in a variety of classi�cation tasks, such as image retrieval [8], face
recognition [9], visual-only speaker identi�cation [10], and traditional auto-
matic speech recognition [11]. In the context of speechreading, LDA has to
date only been considered for a single-speaker task [4].

In this paper, we apply LDA to both single-speaker and speaker-indepen-
dent speechreading, and we investigate factors that a�ect performance of
the resulting speechreading system. We propose the use of LDA on data
corresponding to a three-dimensional region of interest (ROI) that contains
the speaker's mouth over a sequence of adjacent frames, and we experimen-
tally demonstrate that the resulting visual features yield signi�cantly higher
visual-only recognition accuracy than both DWT and PCA based features.
Performance is maximized when all HMM states are considered as separate
classes. Finally, we investigate the use of a PCA projection prior to the use
of LDA, as a means of dimensionality reduction [8], [10]. We conclude that
such a projection is undesirable in our case.

DATA PROJECTIONS FOR FEATURE EXTRACTION

Let fg(x; y; t) : 1�x�M; 1�y�N; 1� t�T g denote an image sequence of
the speaker's mouth region, preprocessed as in [5]. At every time instance t ,
we consider as data relevant to speechreading the MNK pixels in fg(x; y; z) :
1�x�M; 1�y�N; t� tL�z� t+ tR g, where tL; tR � 0, and K= tL + tR +
1 . We lexicographically order this data into an MNK-element data vector
gt = [ gt;1;:::; gt;MNK ]0. We then seek a projection matrix P = [P1;:::; P J ]
of size MNK�J , where J �MNK, such that the J-element feature vector
ot = P0gt contains most speechreading information. To obtain P, we are

given L training examples f gl ; l = 1 ;:::; L g, where typically L�MNK.1

Linear discriminant analysis LDA [7] assumes that a set of classes C =
f1;2;:::;jCjg is a-priori given, as well as that the training set data vectors gl ,
l = 1 ;:::; L , are labeled as c(l) 2 C . LDA seeks a projection PLDA , such that
the projected training sample fP0

LDA gl ; l = 1 ;:::; L g is \well separated" into
the set of classes C . Formally, PLDA maximizes

Q(P) =
det (P0SBP)

det (P0SW P)
; (1)

where det (�) denotes matrix determinant, and SW, SB are the within-class

scatter and between-class scatter matrices of the training sample, de�ned as

SW =

jCjX

i=1

P (i)�(i) and SB =

jCjX

i=1

P (i) (�(i)� � )(�(i)� � )0 ; (2)

respectively. In (2), P (i) = Li=L , i = 1;:::;jCj , denotes the class empirical
probability mass function, where Li = �L

l=1�
i
c (l) , and � ji = 1 , if i = j ; 0 ,

1In our case, M= N= 16 , 1 � K � 5 , and L = O(105) .
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otherwise. In addition, for each class i=1;:::;jCj , its sample mean is

�(i) = [�
(i)
1 ;:::; �

(i)
MNK ]0 ; where �

(i)
k

=
1

Li

LX

l=1

� ic (l) gl;k ; (3a)

and the class sample covariance is �(i), with elements given by

�
(i)
k;k0 =

1

Li

LX

l=1

� i
c (l)( gl;k � �

(i)
k ) ( gl;k0 � �

(i)
k0 ) ; (3b)

for k; k0 = 1;:::;MNK. Finally, � = �jCj
i=1P (i)�

(i) is the total sample mean.
To maximize (1), the generalized eigenvalues and right eigenvectors of the

matrix pair (SB,SW) are computed that satisfy SBA = SWA� [7], [12]. Let
the J largest generalized eigenvalues be f�k1 ;:::; �kJg, where �kj = �kjkj , and
let matrix A = [ a1; a2;:::; aMNK ] have as columns the generalized eigenvec-
tors. Then, PLDA = [ ak1 ;:::; akJ ] . Given data gt , we extract its J-element
feature vector

ot = [ ot;1 ;:::; ot;J ]
0 ; as ot; j = < gt ; akj> ; (4)

where <�; �> denotes vector inner product.
Vectors a kj , for j = 1;:::;J , are the linear discriminant \eigensequences"

that correspond to the directions where the data vector projection yields
high discrimination among the classes of interest. In our experiments, we
have considered various class choices C , as we discuss in our Results Section.
We should note that the rank of SB is at most jCj � 1, hence we consider
J � jCj� 1 , whereas the rank of SW cannot exceed L� jCj . Thus, in case of
insu�cient training data, a PCA projection is typically used before applying
LDA, in order to achieve dimensionality reduction [8], [10].

Principal component analysis PCA [6] achieves optimal information
compression, in the sense of minimum mean square error between gt and its
reconstruction based on ot , by projecting the data onto the directions of their
greatest variance. However, the problem of scaling arises when applying PCA
to classi�cation [6]. In our experiments, we found it bene�cial to scale our
data according to their inverse variance, and subtract their mean. Namely, we
compute the data meanmk = E[ gl;k] and variance �

2
k = E[ gl;k�mk]

2, for k =
1;:::;MNK , and the data correlation MNK�MNK matrix R with elements
E[(gl;k�mk)(gl;k0 �mk0 )]=(�k�k0) , for k; k0 = 1;:::;MNK. We then diagonal-

ize the correlation matrix, as R=BDB0 [12], where B= [ b 1; b2;:::; bMNK ]
has as columns the eigenvectors of R , and D is the diagonal matrix contain-
ing the eigenvalues of R . Let the J largest such eigenvalues be f�k1 ;:::; �kJg,
where �kj = Dkjkj . Then, PPCA= [ bk1 ; :::; bkJ ] . Given a data vector gt , we
�rst normalize it into

Gt = [Gt;1 ;:::; Gt;MNK ]0 ; where Gt;k =
gt;k �mk

�k
; (5a)

and then extract its J-element feature vector as

ot = [ ot;1 ;:::; ot;J ]
0 ; where ot; j = <Gt ; bkj> : (5b)
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Figure 1: The visual front end. (a): Original video frame with estimated outer lip contour
and mouth center [5]. (b): Speaker's mouth region, zoomed in. (c): Video frame ROI after
an optional normalization step [5]. (d): Final, downsampled, three-dimensional ROI at
time t . (e): Data vector gt . (f): LDA projection ot . (g): Feature interpolation to 100 Hz.

(h): Feature mean subtraction. (i): Feature di�erentiation. (j): Final feature vector Ot .

Often in practice, PCA precedes the use of LDA. In such a case, ot =
P0
LDAP

0
PCAGt , where PLDA is computed by (2)-(4), but with the substitution

gt  P0
PCAGt .

THE SPEECHREADING SYSTEM

The automatic speechreading system is described in detail in [5]. Brie
y, at
every video frame (available at a 60 Hz rate), data vector gt is �rst extracted,
and then projected using (4) to create a \static" feature vector ot . Vector ot
is postprocessed by a series of linear operations, namely, linear interpolation,
mean subtraction, and �rst and second order di�erentiation, resulting to the
�nal feature vector Ot = [ot�E[ ot ] ;�
ot ;�
�
ot ] , which is now available
at the audio feature rate of 100 Hz [5] (see Fig. 1).

As a means of statistical pattern matching, the speechreading system uses
continuous density HMMs with observation probabilities modeled as multi-
dimensional Gaussian mixtures with diagonal covariance matrices [1]. For
the speci�c recognition tasks considered in this paper, context independent,
whole word, 6-10 state, left-to-right HMMs with 16 mixtures per state, and
a single state silence HMM with 32 mixtures are used. All HMM parameters
are estimated by maximum likelihood Viterbi training [1]. The initial seg-
mentation in this training procedure is obtained by using the audio channel
information and maximum likelihood trained audio-only HMMs of identical
topology to their visual counterparts.

In the case of LDA, the set of HMM states is �rst partitioned into classes.
Then, aligning the audio channel forced segmentation [1] to the video frames
provides a simple means of automatically labeling the image sequence training
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Task jVj Train. set Test set DWT PCA LDA

P.1 - digits 11 1� 400�5 1�200�5 92.4(67.5) 92.2(70.0) 95.7(83.0)

P.2 - letters 26 1�2000�4 1�500�4 57.4(11.8) 52.9 (9.0) 65.3(21.0)

P.3 - letters 26 49�20�4 49� 5�4 29.6 (1.6) 31.3 (0.8) 36.5 (2.9)
40�25�4 9�25�4 19.6 (0.4) 18.9 (0.0) 20.0 (0.9)

Table 1: Speechreading experiments on three tasks of the AT&T bimodal database con-
sisting of continuously spoken digit (P.1) and letter strings (P.2, P.3). A multi-speaker and
a speaker-independent testing scenario are considered in task P.3, whereas both tasks, P.1
and P.2, are single-speaker. Training and test set sizes are given in number of speakers
� sentences per speaker � words per sentence, and jVj denotes vocabulary size (Note: In
task P.1, V includes word \oh"). Unknown string length recognition results on the test set
are depicted in word (string) % accuracies, using feature extraction by means of the DWT
(see [5]) (K=1 , J=17), PCA (see (5)) (K=3 , J=10), and LDA (see (4)) (K=5 , J=18).

vectors, and hence of computing matrices SW and SB , using (2) and (3).

RESULTS

Visual-only recognition experiments on three tasks of the AT&T audio-
visual database are reported in this paper. In Table 1, the performance of
LDA based features is compared with DWT [5] and PCA based features.
Clearly, LDA consistently results in better speechreading. It is worth men-
tioning that the LDA results further improve by using discriminatively trained
HMMs [1] to 97.0% (88.5%) and 68.2% (24.0%) word (string) accuracies for
tasks P.1 and P.2, respectively.

In Fig. 2, we perform a number of LDA experiments on task P.1. Fig. 2(a)
depicts speechreading performance as a function of the number J of DWT,
PCA, and LDA \static" features used in the HMM automatic speechreading
system. The superiority of LDA features is obvious. In Fig. 2(b), it becomes
clear that the use of more than one successive video frames (K>1) improves
speechreading. In Fig. 2(c), the use of a PCA projection prior to LDA
is investigated for the case K = 2 , J = 18 . Such a projection is clearly
undesirable in our case. Finally, in Fig. 2(d), we depict the performance of
LDA for various choices of classes.2 We observe that clustering HMM states
together into classes degrades speechreading performance.

SUMMARY AND DISCUSSION

In this paper, we use linear discriminant analysis on image sequences as a
means of visual feature extraction for HMM based automatic speechreading.
We demonstrate that LDA consistently achieves superior performance to both
PCA and DWT based features on a variety of visual-only recognition tasks.

2In all cases, one class (denoted by sil) is dedicated to silence. In order to avoid its
statistics dominating matrices SW and SB , we divide P (sil) by a large positive constant.
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Figure 2: Speechreading recognition performance (word accuracy %) on database task
P.1, as a function of: (a): Number J of \static" DWT (K= 1), PCA (K= 3), and LDA
(K = 3) based features. (b): Number K of successive frames in LDA (J = 18). (c):
Dimension of PCA projection based subspace prior to LDA application (J = 18 , K= 2).
(d): Number of classes per HMM word in LDA (K=3).

Automatic speechreading performance is best when the ROI consists of data
from a small (2-5) number of successive frames as well as when all HMM states
are considered as separate classes. Finally, when su�cient LDA training data
exists, dimensionality reduction by means of a PCA data projection preceding
LDA is undesirable.
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