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ABSTRACT
We investigate the use of visual, mouth-region information
in improving automatic speech recognition (ASR) of the
speech impaired. Given the video of an utterance by such
a subject, we first extract appearance-based visual features
from the mouth region-of-interest, and we use a feature fu-
sion method to combine them with the subject’s audio fea-
tures into bimodal observations. Subsequently, we adapt
the parameters of a speaker-independent, audio-visual hid-
den Markov model, trained on a large database of hear-
ing subjects, to the audio-visual features extracted from the
speech impaired videos. We consider a number of speaker
adaptation techniques, and we study their performance in
the case of a single speech impaired subject uttering con-
tinuous read speech, as well as connected digits. For both
tasks, maximum-a-posteriori adaptation followed by maxi-
mum likelihood linear regression performs the best, achiev-
ing a word error rate relative reduction of 61% and 96%,
respectively, over unadapted audio-visual ASR, and a 13%
and 58% relative reduction over audio-only speaker-adapted
ASR. In addition, we compare audio-only and audio-visual
speaker-adapted ASR of the single speech impaired subject
to ASR of subjects with normal speech, over a wide range
of audio channel signal-to-noise ratios. Interestingly, for the
small-vocabulary connected digits task, audio-visual ASR
performance is almost identical across the two populations.

1. INTRODUCTION

Visual information in the speaker’s mouth region is known
to benefit both human speech perception [1] and automatic
speech recognition (ASR) [2]. Indeed, the visual modal-
ity role in speech intelligibility in noise has been quantified
as early as in 1954 [3], whereas the fusion of audio and
visual stimuli by humans has been shown by the McGurk
effect [4]. More recently, incorporating visual information
in ASR systems (also known as automatic speechreading)
has resulted in improved speech recognition in a variety of
audio channel conditions and for a number of recognition
tasks, initially limited to isolated or connected words [5]–
[7], and later demonstrated in the speaker-independent (SI),

large-vocabulary, c
domain [8], [9].
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Figure 1:. Feature extraction for audio-visual ASR by a hierarchical, two-stage application of LDA and MLLT (from [9]).

and has been successfully applied to audio-visual ASR in
[16]. Various algorithms exist for HMM parameter adapta-
tion, such as maximum-a-posteriori (MAP) adaptation [13],
[14], and maximum likelihood linear regression (MLLR)

2.1. Audio- and Visual-Only Features

Given an utterance, video, audio- and visual-only static fea-
�A�
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[14], [15]. In this work, we consider both methods, and we
demonstrate that their combination outperforms either one.
Furthermore, we investigate feature level (front end) adap-
tation. We report that audio-visual adaptation significantly
improves automatic impaired speech recognition over both
audio-only adapted, as well as audio-visual unadapted ASR,
for both large- and small-vocabulary tasks considered. In
addition, a comparison of audio-visual ASR between im-
paired and normal speech reveals almost identical perfor-
mance on the connected digits task.

The paper is structured as follows: Section 2 reviews the au-
tomatic speechreading system used to extract audio-visual
features and to recognize speech. Section 3 is devoted to an
overview of the speaker adaptation techniques, employed in
this paper to improve audio-visual ASR of the speech im-
paired. Section 4 describes the audio-visual databases, and
Section 5 reports our experimental results. Finally, Section
6 summarizes the paper.

2. AUTOMATIC SPEECHREADING

Various automatic speechreading systems have appeared in
the literature over the last two decades. Three main fac-
tors differentiate such systems [5]: (a) The choice of vi-
sual features (mouth region appearance versus shape based
features); (b) The integration of audio and visual features
into a bimodal speech classifier (feature versus decision fu-
sion); and (c) The speech classifier considered (an HMM
versus a neural network based system, for example). In
this work, we use the automatic speechreading system re-
ported in [9], that employs mouth region appearance based
visual features, hierarchical discriminant feature fusion, and
HMMs for speech classification (see also [8]). The system
is briefly described below.
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2.2. Audio-Visual Feature Fusion

The joint, concatenated audio-visual feature vector is

o
�AVc�

t � �o�A��t � o
�V��
t �� � R

DAV � (3)

where DAV �DA�DV �	�	 . To achieve dimensionality
reduction, vectors (3) are projected onto a lower-dimensional
space by means of a second stage of LDA and MLLT, giving
rise to the final audio-visual features

o t � P�AV�

MLLT
P�AV�

LDA
o
�AVc�

t � R
D � (4)

of dimension D � �� .

2.3. Audio-Visual Speech Modeling

The generation of a sequence of features (4) is modeled by
a single-stream HMM, with emission (class conditional ob-
servation) probabilities [12], given by

Pr �o tj c � �
KcX

k��

w c kND �o t m ck � s c k � � (5)

and transition probabilities a tr � fPr �c�j c��� � c�� c���C g .
The HMM parameter vector is therefore

a � � a tr � �w c k �m c k � s c k � � k � 	�����Kc � c�C � � (6)

where c � C denote the HMM context dependent states
(classes), mixture weights w c k are positive adding to one,
Kc denotes the number of mixtures, and ND �o m � s� is
the D-variate normal distribution with mean m and a diag-
onal covariance matrix, its diagonal being denoted by s .

To obtain estimates of (6), we are given, let’s say, I audio-
visual observation training sequences O�i� � �o��i�����oTi�i

�
of duration Ti, i � 	�����I , with the entire training set ob-
servations being denoted by O� �O��������O�I�� . Let us also
denote by c�i� any HMM state sequence for utterance i .
Given two HMM parameter vectors a�� a��, the auxiliary func-
tion for the expectation-maximization (EM) algorithm is [12]

Q�a�� a��jO� �
IX
i��

X

c�i�

Pr�O�i�� c�i�ja� � logPr�O�i�� c�i�ja�� � �

Then, given a current HMM parameter vector at iteration j,
a�j�, we obtain a re-estimated parameter vector [12]

a�j��� � argmax
a

Q� a�j�� a jO � � (7)

In this paper, we use 3 iterations of (7) when training speaker-
independent HMMs, or in MAP adaptation (see Section 3.2).

3. AUDIO-VISUAL SPEAKER
ADAPTATION

Given few bimodal adaptation data O�AD� from a particular
speaker, and a baseline speaker-independent (SI) HMM (5)
with parameters a�SI� (see (6)), we wish to estimate adapted
HMM parameters a�AD� that better model the audio-visual
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Speech Recognition Training set Adaptation set Test set
condition task Utter. Dur. Sub. Utter. Dur. Sub. Utter. Dur. Sub.

Normal LVCSR 17111 34:55 239 855 2:03 26 1038 2:29 26
DIGITS 5490 8:01 50 670 0:58 50 529 0:46 50

Impaired LVCSR N / A 50 0:11 1 50 0:11 1
DIGITS N / A 80 0:08 1 60 0:06 1

Table 1:. The audio-visual databases considered in this paper and their partitioning into training, adaptation, and test sets (number of
utterances, duration (in hours), and number of subjects are depicted for each set). Two recognition tasks are considered: Continuous read
speech (LVCSR), and connected digits (DIGITS). HMMs trained on the normal speech LVCSR training set are adapted on the single
subject, speech impaired LVCSR and/or DIGITS adaptation sets (see also Tables 2 and 3). Test set performances between the two speech
conditions are also compared (see Figures 2 and 3). For fairness, normal speech results are reported after MLLR adaptation, per subject.

3.3. LDA and MLLT Matrix Adaptation taining speech from 239 subjects, have been used for HMM

AVSP 2001 International Conference on Auditory-Visual Speech Processing
In addition to adapting HMM parameters to a particular
subject, one may seek to adapt the front end to better cap-
ture the speech information of this subject. For the audio-
visual front end presented in Section 2, a simple form of
front end adaptation is to re-estimate the LDA and MLLT
matrices of the single-modality features, P �s�

LDA , P �s�
MLLT , for

s � A �V (see (2)), and/or the audio-visual feature LDA and
MLLT matrices P�AV�

LDA , P�AV�

MLLT (see (4)). Here, we simply
compute such matrices using the combination of speaker-
independent and adaptation data, given by (11). HMM pa-
rameters for the adapted front end, denoted by a�Mat � MAP�,
are then estimated using (7) on training data (11).

4. THE DATABASE AND EXPERIMENTAL
FRAMEWORK

To investigate automatic speechreading performance for the
speech impaired, we have collected audio-visual speech data
of a single speech impaired male subject with profound hear-
ing loss during the period of normal language acquisition.
We are interested in audio-visual ASR performance for this
subject on both large- and small-vocabulary tasks, therefore
two sets of data have been collected (see also Table 1): Ap-
proximately 22 minutes (100 utterances) of continuous read
speech using ViaVoiceTM dictation scripts (LVCSR task)
and about 14 minutes of connected digits strings (140 utter-
ances of 7 to 10 digits each - DIGITS task). Close to half of
the collected data have been set aside for testing.

As discussed in the introduction, the amount of collected
data is not adequate to train speaker-dependent HMMs. We
have therefore chosen to adapt previously trained, speaker-
independent HMMs to the impaired data. Such HMMs have
been trained using the EM algorithm (see (7)) on the IBM
ViaVoiceTM audio-visual database [8], which contains con-
tinuous read normal speech with a 10.5 K word vocabulary.
In this paper, approximately 35 hours of this database, con-
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Method AU VI AV

Unadapted 116.022 136.359 106.014
L MLLR (LVCSR-only) 52.266 109.834 42.652
V MLLR 52.044 110.166 42.873
C MAP 52.376 101.215 44.199
S MAP+MLLR 47.624 95.027 41.216
R Mat+MAP 52.928 98.674 46.519

Mat+MAP+MLLR 50.055 93.812 41.657

Unadapted 52.381 48.016 24.801
D MLLR (DIGITS-only) 5.159 14.881 2.182
I MLLR 3.770 16.667 0.992
G MAP 3.373 12.103 1.190
I MAP+MLLR 2.381 10.516 0.992
T Mat+MAP 3.968 8.730 1.190
S Mat+MAP+MLLR 2.381 8.531 0.992

Table 2:. Audio- (AU), visual-only (VI), and audio-visual (AV)
word error rate, %, on the continuous speech (LVCSR) test set
(upper table) and on the connected digits (DIGITS) test set (lower
table) of the speech impaired data using unadapted HMMs (trained
in normal speech), as well as a number of HMM adaptation meth-
ods. All HMMs are adapted on the joint speech impaired LVCSR
and DIGITS adaptation sets, unless stated otherwise. For the con-
tinuous speech results, decoding using the test set vocabulary of
537 words is reported.

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 1).

Subsequently, we apply MLLR HMM adaptation (see (10))
using the speech impaired LVCSR and/or DIGITS adap-
tation tests. Audio-, visual-only, and audio-visual perfor-
mances improve dramatically, as demonstrated in Table 2.
It is interesting to note that adaptation on joint LVCSR and
DIGITS data does help the audio-only performance, how-
ever hurts the visual-only results, possibly due to the fact
that visual features are less robust to data variability (such
as lighting and pose) than audio features. As a result, audio-
visual performance does not improve consistently, when com-
paring within-set (LVCSR or DIGITS) and across-sets (joint
LVCSR and DIGITS) MLLR adaptation. Nevertheless, in
all remaining experiments, the speaker-independent LVCSR
HMMs are adapted on the joint adaptation set. Next, we
consider MAP HMM adaptation (see Section 3.2). 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.2 This cor-

2Notice that the LVCSR MAP+MLLR audio-, visual-only, and audio-
visual results become 64.6%, 102.4%, and 58.5%, respectively, when using
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connected digits (DIGITS) task, depicted in WER as a function of
the audio channel SNR. Per subject MLLR adaptation is used.

and audio-visual recognition for the LVCSR and DIGITS
domains, when the audio channel is artificially corrupted by
additive “babble” speech (cafeteria like) noise at a number
of SNR values. Both normal and impaired speech recog-
nition are compared, with all HMMs and LDA/MLLT ma-
trices trained at the matched condition and adapted using
MLLR on joint LVCSR/DIGITS impaired data at the same
SNR level. The results are depicted in Figures 2 and 3, for
the LVCSR and DIGITS tasks, respectively. Interestingly,
for the DIGITS task, speech impaired audio-visual ASR
performance is very close to audio-visual ASR of normal
speech. This is due to the superior visual-only recognition
of the speech impaired DIGITS. However, in the LVCSR
domain, the visual channel does not provide sufficient speech
information, and, as a result, speech impaired audio-visual
ASR is significantly worse than LVCSR of subjects with
normal speech.

6. CONCLUSIONS AND FUTURE WORK

We investigated the use of machine speechreading to im-
prove automatic speech recognition of the speech impaired.
We considered both a small- (connected digits) and a large-
vocabulary recognition task, and we applied HMM and front
end adaptation techniques to improve audio-visual impaired
speech recognition. By using a combination of MAP and
MLLR adaptation, we achieved a 58% and 13% relative
WER reduction over the equivalent audio-only system for
the small- and large-vocabulary tasks, respectively. For the
former task, audio-visual recognition of impaired speech
reached the recognition performance of normal audio-visual
speech, over a wide range of audio channel SNRs.

A word of caution
to the fact that data
have been collected
to investigate the g
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is warranted about our conclusions, due
from a single speech impaired subject
and used in our experiments. We plan

eneralization of these results to a larger
pulation in the near future.
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