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ABSTRACT
We study three aspects of designing appearance based visual fea-
tures for automatic lipreading: (a) The choice of the video region
of interest (ROI), on which image transform features are obtained;
(b) The extraction of speech discriminant features at each frame;
and (c) The use of temporal information to improve visual speech
modeling. In particular, with respect to (a), we propose a ROI that
includes the speaker’s jaw and cheeks, in addition to the tradition-
ally used mouth/lip region; with respect to (b) and (c), we propose
the use of a two-stage linear discriminant analysis, both within
frame, as well as across a large number of frames. On a large-
vocabulary, continuous speech audio-visual database, the proposed
visual features result in a 13% absolute reduction in visual-only
word error rate over a baseline visual front end, and in an addi-
tional 28% relative improvement in audio-visual over audio-only
phonetic classification accuracy.

1. INTRODUCTION

The use of visual, mouth region information has been considered
by many researchers as a means to improveautomatic speech recog-
nition (ASR) robustness, and thus lead to more natural human-
computer interaction [1]-[11]. Such work has been motivated by
human perception studies and by the well-known ability of hu-
mans tolipread (speechread) [12]-[16]. Not surprisingly, informa-
tion extracted from the speaker’s video has been shown to improve
ASR in both clean and noisy audio conditions, and for a num-
ber of recognition tasks [2], ranging from single-speaker, small-
vocabulary, isolated-word tasks [3], [4], to speaker-independent
small-vocabulary connected-word tasks [5]-[7], and, very recently,
to speaker-independent(SI), large-vocabulary, continuous speech
recognition(LVCSR) [8]. There exist two key issues for the suc-
cessful design of audio-visual ASR systems [2]: First, the choice
of appropriatevisual features(visual front end), and second, the
design of the audio-visual informationfusion algorithm. In this
paper, we exclusively address the first problem.

Various sets of visual features forautomatic speechreading
have been proposed in the literature over the last 20 years. In
general, they can be grouped into three categories: High-levellip
contour(shape) based features, low-levelvideo pixel(appearance)
based ones, and features that are a combination of both [2]. In the
first approach, the speaker’s inner and (or) outer lip contours are
extracted from the image sequence. A parametric, or statistical lip
contour model is then obtained, and the model parameters are used
as visual features [2]. Alternatively, lip contour geometric features
are used, such as mouth height and width [3], [4]. In the second
approach, the entire image containing the speaker’s mouth is con-
sidered as informative for speechreading (region of interest- ROI),
and appropriateimage transformationsof its pixel values are used
as visual features [5]-[11]. Often, the high- and low-level feature
extraction approaches are combined to give rise to joint shape and
appearance visual features [7], [8], [10].

Among the above approaches, the appearance (image trans-
form) based features are the most efficient, since they typically

employ a “gross” face-tracking system to extract the approximate
ROI containing the speaker’s mouth. In contrast, the other two ap-
proaches require “expensive” lip and, possibly, face contour mod-
eling and tracking. Furthermore, image transform based features
have been shown to outperform lip-contour and shape-model based
ones in [8], [10], [11]. A simple and computationally efficient im-
age transform is the two-dimensional, separable,discrete cosine
transform (DCT) [5]. DCT based visual features for automatic
speechreading have been experimentally shown to perform equally
well or better than alternative image transform features, such as
discrete wavelet transform (DWT), or principal component analy-
sis (PCA) based ones [9]-[11]. Therefore, the DCT has been used
as the basis of the visual front end in our previous work [8], [9].
There, and in order to improve visual speech modeling, dynamic
(temporal) information is also incorporated into feature extraction,
by considering the concatenation of a number of neighboring DCT
features, followed by alinear discriminant analysis(LDA) based
data projection [17], and amaximum likelihood linear transform
(MLLT) that amounts to a feature vector rotation [18]. The re-
sulting visual features provide sufficient speech information to im-
prove LVCSR in both clean and noisy audio conditions [8].

However, a number of issues have not been investigated in
this baseline visual front end design [9]. In particular, of great
interest is the question ofwhat part of the face should the visual
ROI include. In [9], the ROI has been chosen as a square, cen-
tered at the estimated mouth center, and wide enough to include
the size-normalized speaker’s mouth, thus incorporating both the
lip-region and the oral cavity. However, a number of human audio-
visual speech perception studies have indicated that an augmented
ROI, containing the entire lower half of the speaker’s face (includ-
ing the cheeks and the jaw), is beneficial to human lipreaders [13],
[14]. To our knowledge, there exists no similar study on the ef-
fects of ROI selection to automatic speechreading. Other human
perception studies have demonstrated that temporal visual infor-
mation that spans multiple phone segments is very useful in human
lipreading [16]. This fact has also not been sufficiently explored in
visual feature extraction for an automatic speechreading system.

In this paper, motivated by the above studies, we investigate
the effects to automatic speechreading of both ROI selection, as
well as of the temporal window size, when extracting visual fea-
tures. In particular, we demonstrate that using the entire lower half
of the subject’s face as the ROI improves speechreading signifi-
cantly, over using the mouth-only ROI. Of course, the augmented
ROI presents the additional challenge of selecting speech infor-
mative features within each video frame. We improve the DCT
energy based feature selection of our baseline system by intro-
ducing a new LDA/MLLT data projection/rotation for extracting
discriminative, frame-level features. We demonstrate that this step
improves speechreading performance. Finally, we show that long
temporal windows also improve performance at a significant how-
ever increase in computation. Similarly to the baseline system,
LDA and MLLT are also applied to the concatenation of neigh-
boring frame-level features, giving rise to the final visual feature
vector. The entire visual front end thus amounts to a two stage
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Fig. 1. The proposed visual front end for automatic speechreading. It augments our baseline system of [9], by using within frame LDA/MLLT feature
extraction, by considering a larger ROI that contains the lower half face, and by applying a second LDA/MLLT on a longer temporal window.
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Fig. 2. Original video frames, baseline system extracted ROIs (m = n =

64), and the augmented ROIs (m = n = 80 ; 96 ; 112 ; 128), considered
here.Upper row: LVCSR data;Lower row: DIGITS data (see Table 1).

application of LDA and MLLT on high energy DCT coefficients,
first within frames, and subsequently, across frames.

This paper is structured as follows: In Section 2, we discuss
the baseline visual front end system of [9]. In Section 3, we pro-
pose three improvements to it: Lower half face ROI extraction;
discriminant, within frame visual features; and a longer temporal
window for modeling visual speech dynamics. Our experimental
results are presented in Section 4, and our conclusions are drawn
in Section 5.

2. THE BASELINE VISUAL FRONT END

The baseline DCT based visual front end is described in detail in
[8], [9] (see also Fig. 1). Briefly, a statistical face tracking al-
gorithm is first used to detect the speaker’s face and to estimate
the mouth location and size [9]. Based on these, am�n-pixel
(wherem=n=64 ), size-normalized ROI is extracted for every
video frame at60 Hz, that contains the speaker’s mouth (see also
Fig. 2). Subsequently, a two-dimensional, separable, DCT is ap-
plied to the ROI, and theD=24 highest energy (over all training
data) DCT coefficients are retained as static, frame-level features.
To facilitate audio-visual fusion, linear interpolation is used to ob-
tain visual features, time-synchronous to the audio ones at100 Hz.
Utterance-level,feature mean normalization(FMN) is employed
to compensate for lighting variations, providing the final static
features of dimensiond=D=24 . A number ofJ=7 neighbor-
ing static such features at each side of the current frame are then
concatenated to it, giving rise to a dynamic feature vector of di-
mension(2�J+1)� d . Subsequently, LDA is applied to this vec-
tor, reducing its dimensionality in a discriminative manner (given
the classes of interest; in our case, the context dependent hidden
Markov model states of an ASR system are used as classes; see
also Section 4). Finally, an MLLT data rotation improves maxi-
mum likelihood data modeling under the assumption of the data
class-conditional Gaussian distribution with diagonal covariance
[18]. The resulting visual feature vector is of dimension41 .

3. THE IMPROVED VISUAL FRONT END

As mentioned in the introduction, the proposed visual front end
differs in three aspects from the baseline system. A more detailed
description follows.

Task Training (U/S/D) Adaptation Testing

LVCSR-Ph 5000/239/10.4 N / A 500/26/1.1
LVCSR-SI 17111/239/34.9 N / A 1038/26/2.5
LVCSR-SA LVCSR-SI(train) 855/26/2.1 LVCSR-SI(test)
DIGITS-SA LVCSR-SI(train) 120/3/0.2 20/3/0.02

Table 1. Acronyms for the recognition tasks considered in this pa-
per. Number of utterances (U), number of subjects (S), and data duration
in hours (D) of the training, test, and adaptation (if applicable) sets are
depicted. LVCSR-Ph: Speaker-independent visual-only and audio-visual
phonetic classification on a subset of the VVAV data.LVCSR-SI: Speaker-
independent visual-only ASR (LVCSR) for the entire VVAV database.
LVCSR-SA: Speaker-adapted (per-subject, MLLR) visual-only ASR on the
same database.DIGITS-SA: Connected digits visual-only recognition on a
small dataset collected in a mismatched environment to the VVAV dataset,
after per-speaker MLLR adaptation of HMMs, trained on the VVAV data.

3.1. Region of Interest Extraction

Similarly to the baseline system, we center the square,m�n-pixel
ROI at the speaker’s mouth center, and we normalize the frame
based on the mouth size. However, instead of extracting a ROI
with m=n=64 (which includes the mouth region only), we con-
sider a number of successively larger ROIs, withm=n=80 ; 96 ;
112 ; and128 . Example ROIs are depicted in Fig. 2. Clearly, the
largest two ROIs include most of the speaker’s jaw and cheeks,
which contain useful speech information [13], [14]. All ROIs are
subsampled back to a64�64 pixel size, keeping the dimensional-
ity of all ROIs constant to4096 pixels. Such subsampling is not
expected to seriously affect speechreading performance (see also
[15]). Based on the experiments reported in Section 4, using the
largest two ROIs (m=n=112 , or 128 ), improves visual speech
recognition significantly. Thus, the proposed visual front end uses
m=n=128 (performance, whenm=n=112 , is similar).

3.2. Discriminant Frame-Level Feature Selection

In the baseline system, the first few highest energy DCT coeffi-
cients of the ROI are considered as the most informative about
visual speech. However, this need not be true, especially in the
case of the augmented ROIs. In this work, we propose to keep a
larger number of DCT coefficients,D , compared to the baseline
system, and to use a data driven approach to obtain discriminant,
frame-level features of a lower dimension,d . Such dimensional-
ity reduction is achieved by an additional LDA step, introduced
immediately after feature mean normalization (see also Fig. 1).
LDA is subsequently followed by an MLLT data rotation. Based
on our experiments, valuesD=100 andd=30 have been selected
for the improved visual front end (valuesD=50 andd=30 result
in similar speechreading performance).

3.3. Temporal Window Size

Similarly to the baseline system, we use a concatenation of neigh-
boring frame-level features to obtain dynamic, visual speech in-
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Front End Parameters Modality
m� n D d J VI AV

64 � 64 24 24 7 26.49 55.19
64 � 64 50 24 7 27.10 55.40
64 � 64 50 30 7 27.26 55.37
64 � 64 100 30 7 27.64 55.60

64 � 64 50 30 7 27.26 55.37
64 � 64 50 30 8 27.71 55.74
64 � 64 50 30 9 27.83 55.57
64 � 64 50 30 10 27.98 55.64
64 � 64 50 30 11 28.34 55.79
64 � 64 50 30 12 28.49 55.88
64 � 64 50 30 13 28.62 55.94

64 � 64 100 30 7 27.64 55.60
80 � 80 100 30 7 28.15 55.79
96 � 96 100 30 7 28.60 55.85
112� 112 100 30 7 29.19 56.01
128� 128 100 30 7 29.25 56.03

64 � 64 24 24 7 26.49 55.19
128� 128 100 30 11 30.36 56.45

Table 2. Visual-only (VI) and audio-visual (AV) phonetic classifica-
tion accuracy(%) on the LVCSR-Ph task (see Table 1), using various vi-
sual front end parameters; namely, a varying ROI size (m;n), number of
highest energy DCT coefficients at the frame level (D), dimensionality of
frame-level features after the first stage of LDA/MLLT (d ), and temporal
window size (2�J+1). Final visual features are always of dimension
41 . Comparisons are grouped in blocks. The baseline and the proposed
visual front end performances are given in the last two lines. Audio-only
accuracy is 50.63% (see also Fig. 3).

formation. A second stage of LDA/MLLT is subsequently used to
derive discriminant visual features of the same reduced dimension-
ality as the baseline system, namely 41. Our experiments indicate
that longer temporal windows consistently improve performance,
in agreement with human perception studies [16]. However, com-
puting the LDA matrix, a task ofO(J 3) complexity, becomes pro-
hibitive for high input vector dimensions, while at decoding, the
LDA matrix multiplication is a computationally expensive task of
O(J 2) cost. We, therefore, use valueJ=11 in the proposed visual
front end. This corresponds to concatenating23 consecutive static
frames of a total dimension ofd�(2�J+1)=690 . Of course, a
real-time visual front end requires lower values ofJ, or just aug-
menting the static vector by its first- and possibly second-order
temporal derivatives, instead of applying the LDA projection.

4. DATABASE AND EXPERIMENTAL RESULTS

To study the effects of the proposed visual front end to automatic
speechreading, we conduct experiments on two datasets. The first
is the IBM ViaVoiceTM audio-visual (VVAV) database, described
in detail in [8] (39.5 hrs, 265 subjects, large-vocabulary read speech
- LVCSR task), and the second is a small dataset of 3 subjects
wearing a head-mounted microphone, recently collected in mis-
matched conditions to the VVAV set (see also Fig. 2). The latter
set contains 97 read, continuous speech utterances and 43 con-
nected digit strings.

We first report visual-only and audio-visualphonetic classi-
fication experiments on a subset of the VVAV database (LVCSR-
Ph task), followed by speaker-independent (LVCSR-SItask) and
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Fig. 3. Visual-only ((a), (b)) and audio-visual ((c), (d)) phonetic classifi-
cationaccuracy(%) on the LVCSR-Ph task (see Table 1), as a function of
the following visual front end parameters:Left ((a), (c)): Temporal win-
dow size (2�J+1), whenm=n=64 ; Right((b), (d)): ROI side (m=n),
whenD=100 ; d=30 . The results are also listed in Table 2.

speaker-adapted(LVCSR-ADtask) visual-only ASR experiments
on the entire VVAV set (see also Table 1). On the smaller, mis-
matched dataset, we report speaker-adapted recognition on a test
set, consisting of only 20 connected digit strings (DIGITS-SAtask),
while using the remaining 23 digit and all 97 continuous speech ut-
terances for speaker adaptation ofhidden Markov models(HMMs)
trained on the VVAV database (see Table 1). All adaptation experi-
ments are performed using per-subject HMM adaptation, by means
of maximum likelihood linear regression(MLLR) [19].

In Table 2, we report visual-only and audio-visual frame-based
phonetic classification performance (inaccuracy, %) on a VVAV
subset (LVCSR-Ph task), using various visual-front end parame-
ters. Similarly to [9], we consider 52phonemeclasses with auni-
form class prior, and, for single-modality classification, we use a
Gaussian mixture model(GMM) classifier with 5-10 mixtures per
class, that model the class-conditional feature observation densi-
ties. For audio-visual (bimodal) classification, we first concatenate
the visual features to their time-synchronous (due to the interpola-
tion module of Section 2) audiomel-frequency cepstral coefficient
(MFCC) based features (see [9]), and subsequently, we employ the
multi-stream(here, two-stream) GMM classifier on the bimodal
features [9]. As Table 2 demonstrates, all three visual front end
improvements described in Sections 3.1, 3.2, and 3.3, and studied
in the third, first, and second block of Table 2, respectively, intro-
duce significant gains in both visual-only and audio-visual perfor-
mance. The proposed new visual front end improves the baseline
system visual-only phonetic classification from 26.49% to 30.36%
(a relative 15% gain), and the absolute audio-visual performance
gain over the 50.63% audio-only accuracy from 4.56% to 5.82%
(a relative 28% gain). These results are also depicted in Fig. 3.

In Table 3, we report visual-only ASR, inword error rate
(WER) for the speaker-independent and speaker-adapted LVCSR
tasks, as well as speaker-adapted performance on the small con-
nected digits (DIGITS-SA) task, for a number of visual front end
parameters. All results are obtained using an HMM classifier that
contains 2.8 K context-dependent sub-phonetic classes (states), a
total of about 47.2 K Gaussian mixtures, and is trained on the
LVCSR-SI test set and adapted (wherever applicable) using MLLR
per-subject adaptation [19]. Test set decoding is performed using a
10.4 K word vocabulary for the LVCSR tasks and the 10-digit vo-
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Front End Parameters Recognition Task
m� n D d J LVCSR-SI LVCSR-SA DIGITS-SA

64 � 64 24 24 7 105.00 89.19 45.71
64 � 64 50 24 7 98.04 85.42 41.43
64 � 64 50 30 7 97.97 85.50 41.43
64 � 64 100 30 7 96.81 85.84 43.57

64 � 64 50 30 5 99.66 86.42 46.43
64 � 64 50 30 6 99.07 86.63 42.14
64 � 64 50 30 7 97.97 85.50 41.43
64 � 64 50 30 8 96.92 85.31 45.00
64 � 64 50 30 9 96.52 84.86 47.86
64 � 64 50 30 10 94.67 84.81 43.57
64 � 64 50 30 11 94.31 84.09 38.57

64 � 64 100 30 7 96.81 85.84 43.57
80 � 80 100 30 7 95.31 82.98 43.57
96 � 96 100 30 7 94.97 82.65 40.00

112 � 112 100 30 7 93.52 82.51 35.71
128 � 128 100 30 7 93.55 82.65 37.14

64 � 64 24 24 7 105.00 89.19 45.71
128 � 128 100 30 11 91.62 82.31 29.29

Table 3. Visual-only worderror rates (%) on the ASR tasks of Table 1,
when varying the following visual front end parameters:D ;d (first block),
J (second block),m;n (third block). The baseline and the proposed visual
front end performances are repeated in the last two table lines.

cabulary in the DIGITS-SA task. Similarly to Table 2, the effects
of the three visual front end improvements, introduced in Section
3, are studied in separate table blocks, with the baseline and pro-
posed front end performances depicted in the last two lines. For the
LVCSR-SI (LVCSR-SA) task, the visual-only WER improves by
an absolute 13.4% (6.9%), whereas for the DIGITS-SA task, the
performance gain reaches a 36% relative reduction of the WER
(from 45.71% to 29.29%).1 Clearly therefore, the proposed visual
front end conveys significantly more speech information than the
baseline front end of [9].

5. SUMMARY AND FUTURE WORK

In this paper, we studied three aspects in the design of image
(discrete cosine) transform based visual features used for auto-
matic speechreading: (a) The choice of the ROI; (b) The extrac-
tion of discriminant image transform features at each frame; and
(c) The use of sufficient temporal information to improve visual
speech modeling. We demonstrated that the jaw and cheeks do
provide useful visual speech information, that can be exploited to
improve automatic speechreading using discriminant within-frame
feature extraction. Across-frame feature LDA over long tempo-
ral windows also improves performance. Combined, all improve-
ments reduced visual-only word error rate by 13% (absolute) in
a speaker-independent LVCSR task, and by 36% (relative) in a
small, speaker-adapted, connected-digits task.

We are currently investigating the improved visual front end
benefit to joint audio-visual LVCSR, by using a number of fea-
ture and decision fusion techniques for audio-visual integration,
studied in [8]. The phonetic classification experiment, reported
in Section 4, where an additional 28% relative improvement in

1Due to the small DIGITS-SA test set (see Table 1), small WER differ-
ences are not significant, and when comparing visual front end parameters,
such differences deviate from the trends observed in the LVCSR tasks.

audio-visual over audio-only classification accuracy was observed
due to the proposed visual features (as opposed to the baseline vi-
sual front end), is indicative that the improved visual-only ASR
performance reported in this work should translate into superior
audio-visual recognition in the LVCSR domain.
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