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Factors leading to variability in auditory-visual~AV ! speech recognition include the subject’s ability
to extract auditory~A! and visual~V! signal-related cues, the integration of A and V cues, and the
use of phonological, syntactic, and semantic context. In this study, measures of A, V, and AV
recognition of medial consonants in isolated nonsense syllables and of words in sentences were
obtained in a group of 29 hearing-impaired subjects. The test materials were presented in a
background of speech-shaped noise at 0-dB signal-to-noise ratio. Most subjects achieved substantial
AV benefit for both sets of materials relative to A-alone recognition performance. However, there
was considerable variability in AV speech recognition both in terms of the overall recognition score
achieved and in the amount of audiovisual gain. To account for this variability, consonant
confusions were analyzed in terms of phonetic features to determine the degree of redundancy
between A and V sources of information. In addition, a measure of integration ability was derived
for each subject using recently developed models of AV integration. The results indicated that~1!
AV feature reception was determined primarily by visual place cues and auditory voicing1manner
cues,~2! the ability to integrate A and V consonant cues varied significantly across subjects, with
better integrators achieving more AV benefit, and~3! significant intra-modality correlations were
found between consonant measures and sentence measures, with AV consonant scores accounting
for approximately 54% of the variability observed for AV sentence recognition. Integration
modeling results suggested that speechreading and AV integration training could be useful for some
individuals, potentially providing as much as 26% improvement in AV consonant recognition.
@S0001-4966~98!02305-4#

PACS numbers: 43.71.An, 43.71.Es, 43.71.Kg, 43.71.Ma@WS#
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INTRODUCTION

For all but the most profoundly hearing-impaired ind
viduals, auditory-visual~AV ! speech recognition has consi
tently been shown to be more accurate than auditory-o
~A! or visual-only ~V! speech recognition. Although this i
especially true when the auditory signal is distorted~e.g., due
to hearing loss, environmental noise, or reverberation!, the
influence of visual cues on speech recognition is not limi
to conditions of auditory distortion. Even with fully intac
speech signals, visual cues can have an impact on reco
tion. McGurk and MacDonald~1976! demonstrated tha
when the auditory production of one consonant is synch
nized with the visual production of another consonant, m
observers will perceive a third consonant that is not rep
sented by either auditory or visual modality. For examp
when auditory /"Ä/ is presented with visual /,Ä/, the per-
ceived result is often /$Ä/. This illusion, known as the
‘‘McGurk Effect,’’ occurs even when the auditory signal
perfectly intelligible.

Another example of the influence of visual speech c
on intact auditory signals occurs when listeners are aske
repeat unfamiliar phrases, as when learning a second
guage or when presented with grammatically complex p
sages. For instance, when asked to shadow the speech
native French speaker, students with four years of Fre
training performed significantly better when they were a
2677 J. Acoust. Soc. Am. 103 (5), Pt. 1, May 1998
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to see the speaker’s face as compared to when they c
only hear his voice~Reisberget al., 1987!. Similarly, when
native speakers of English were asked to shadow pass
from Kant’s Critique of Pure Reasonspoken by another na
tive English speaker, performance was significantly be
when visual cues were available~Reisberget al., 1987!.

These brief examples suggest that the perception
speech is inherently multimodal. Cues extracted from b
auditory and visual sources are integrated early in the p
ceptual analysis of speech, and this information is used w
out much regard to the sensory modality of origin~Massaro,
1987; Summerfield, 1987!. Yet, in spite of the superior statu
of auditory-visual speech recognition relative to audito
only speech recognition, recent explications of speech p
ception often omit, or only mention briefly, the role of visu
speech information~Diehl and Kluender, 1989; Klatt, 1989
Stevens, 1989; Halle and Stevens, 1991; Greenberg, 1
Lindblom, 1996; Ohala, 1996!. In contrast, recent studies o
automatic speech recognition have begun to emphasize
importance of incorporating visual speech information alo
with acoustic information to improve recognition perfo
mance, especially in noisy environments~Stork and Hen-
necke, 1996!.

From an applied perspective, a theory of AV spee
perception would be an extremely valuable tool for addre
ing the communication problems encountered by heari
impaired individuals or by normally hearing individuals
2677



FIG. 1. Schematized framework of auditory-visual speech recognition.
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noisy or reverberant environments. Such a theory would p
vide a conceptual framework that could serve as a guide
developing signal-processing strategies and/or rehabilita
programs when AV speech perception is less than perf
Consider the simple conceptual framework shown in Fig
A speech signal composed of both optical and acoustic
formation is presented. The listener-observer extracts sig
related segmental and suprasegmental cues from each m
ity, integrates these cues, and applies top-down semantic
syntactic constraints in an effort to interpret the message
fore making a response. The basic components, bottom
signal-related cue extraction, integration, and top-down
guistic processes, are common to most speech perce
theories ~e.g., Libermanet al., 1967; Stevens and Hous
1972; Studdert-Kennedy, 1974!. The major distinction drawn
here from auditory-only theories of speech perception is
in an audiovisual communication environment, cues from
visual modality must be considered, and the integration o
and V cues, both within and across modalities, must be
scribed~Massaro, 1987!.

From this perspective, consider a hearing-impaired in
vidual whose AV recognition of words and sentences is l
than perfect. In order to evaluate the exact nature of
communication problem, it is necessary to determ
whether the communication failure is due to poor recept
of auditory and/or visual cues, difficulty in integrating A an
V cues, difficulty in applying linguistic and contextual con
straints, reduced working memory capacity, or a combina
of these factors. If the problem is determined to be prima
2678 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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difficulty in receiving A or V cues, signal-processing strat
gies to enhance the relevant cues may be used. If, on
other hand, the problem is determined to be difficulty
integrating A and V cues or difficulty in applying top-dow
language processing rules, then training and practice te
niques may be applied. Simply knowing the individual’s A
sentence or word recognition performance is not suffici
for determining a plan for rehabilitation.

In order to use the framework displayed in Fig. 1 as
guide for rehabilitation, three questions must be addres
~1! What are the most important cues for AV speech rec
nition that can be extracted from acoustic and visual spe
signals?~2! Is it possible to measure an individual’s abilit
to integrate auditory and visual cues separate and apart
their ability to recognize syllables, words, and sentences?~3!
What are the most important nonsignal-related ‘‘top-dow
processes that contribute to individual variability in A
speech recognition? A brief discussion relating to each
these questions is presented below.

1. What are the most important cues for AV speech
recognition that can be extracted from acoustic
and visual speech signals?

Clearly, the answer to this question cannot come fr
studies of auditory speech perception alone. For exam
auditory place-of-articulation cues, which are extremely i
portant for A-only speech recognition, are not as import
in AV speech recognition because this information is read
2678Grant et al.: Auditory-visual speech recognition
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FIG. 2. Scores for A, V, and~predicted! AV conditions for four hypothetical subjects with average speechreading ability. Auditory-visual predictions
made with the PRE model using an average normal-hearing V consonant confusion matrix and an appropriate A confusion matrix with perfect reco
the specified speech feature. Each set of bars represents a subject with perfect auditory feature recognition for voicing~S1!, manner-of-articulation~S2!,
place-of-articulation~S3!, and voicing-plus-manner~S4!, respectively.
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available through the visual channel. On the other hand,
ditory voicing and manner-of-articulation cues are extrem
important in AV speech recognition because this informat
is difficult to obtain visually. A careful accounting of th
cues extracted from the separate unimodal conditions
reveal the degree of redundancy or complementarity betw
A and V cues. If A and V cues are redundant, there will
less benefit resulting from their combination than if the cu
are complementary~Waldenet al., 1977; Grant and Walden
1996a!.

The relevancy of cue redundancy between A and V c
ditions as a predictor of AV performance is important for t
present discussion because it forces us to recognize
when comparing two different listening conditions~or two
listeners with different degrees of hearing loss, or two diff
ent hearing aids!, the condition resulting in the higher rate o
auditory intelligibility need not result in the highest AV
score or the greater improvement when combined w
speechreading. This point is illustrated graphically in Fig.

Figure 2 shows predicted AV consonant recognition
sults for four different hypothetical subjects. For each hyp
thetical subject, three bars are shown. The black bar re
sents the auditory recognition score on a conson
identification task that would result from perfect recogniti
2679 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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of either voicing~S1!, manner-of-articulation~S2!, place-of-
articulation ~S3!, or the combination feature, voicing-plus
manner~S4!. Table I shows the feature classification for th
set of consonants used in this example. The auditory rec
nition scores~black bars! were calculated assuming perfe
recognition of each specified feature and a uniform distri
tion of responses within each feature category. For exam
for the hypothetical subject who receives perfect voicing
formation~S1!, the confusion matrix shows a uniform distr
bution of responses among all voiced consonants and a
form distribution of responses among unvoiced consona
Since the subject is perfect in recognizing the voicing fe
ture, there are no cases of voiced–voiceless confusi
Once constructed in this manner, the confusion matrix
then be scored for overall accuracy by simply observing
number of correct responses~lying along the main diagona
of the confusion matrix! divided by the total number of trials

The unfilled bars are the same for each subject and
resent consonant recognition performance of a typ
speechreader~Grant and Walden, 1996a!.1 The shaded bars
represent AV predictions made by Braida’s Pre-Labelling
tegration Model~1991!.2 Note that a subject who has perfe
voicing recognition~S1! derives substantially more AV ben
efit ~e.g., difference between AV and A recognition! accord-
2679Grant et al.: Auditory-visual speech recognition
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TABLE I. Feature classification for voicing, manner, and place categories.

VOICING
Voiced Unvoiced

",$,,,&,',3,Z,6,c,$c !,#,%,),Y,2,b,#b

MANNER OF ARTICULATION
Stop Nasal Fricative Affricate

",!,,,%,$,# &,' 3,),Z,Y,6,2,c,b $c,#b

PLACE OF ARTICULATION
Bilabial Lingua-Velar Lingua-Alveolar Lingua-Dental Lingua-Palatal Labio-Den
",!,& ,,% $,#,',2,6 Z,Y c,b,$c,#b 3,)
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ing to Braida’s model than subjects who obtain either perf
manner~S2! or-perfect place recognition~S3!, even though
these latter subjects have higher overall A recognition sco
Finally, a subject who obtains perfect voicing and man
recognition ~S4! is predicted to have a nearly perfect A
score. This implies that hearing-impaired listeners with av
age speechreading skills who can extract voicing and ma
information from the A condition may be expected to ha
high AV consonant scores, regardless of their overall A r
ognition score. Figure 2 also demonstrates that impro
ments in absolute unimodal recognition scores that may
sult from various forms of signal processing~e.g., hearing
aids! may not produce the best bimodal recognition score

2. Is it possible to measure an individual’s ability to
integrate auditory and visual cues separate
and apart from their ability to recognize syllables,
words, and sentences?

The recent development of quantitative models of m
tisensory integration~Massaro, 1987; Blameyet al., 1989;
Braida, 1991! has made it possible to derive measures of A
integration that are independent of the individual’s ability
extract cues from the A and V modalities. These mod
make predictions of AV performance based on speech
ture recognition or from the detailed patterns of confusio
obtained for each separate modality. If these predictions
based on optimum processing models, then the exten
which the actual obtained AV performance approximates
predicted performance may be used as an index of AV in
gration skill. That is, subjects whose AV performance
well-predicted by the models are better at integrating A a
V cues than subjects whose actual AV performance is o
predicted by the models.

Some of the integration models considered in this stu
are not optimum processor models, and observed AV sc
can be higher than predicted scores. Nevertheless, devia
between predicted and obtained AV performance may
be used as an index of integration skill. For example, s
pose that predictions from a particular model were ba
only on a subject’s overall score from each separate mod
and did not take into account the pattern of confusions g
erated in the A and V conditions. Even though such a mo
would likely underpredict real performance, the extent
which subjects’ AV recognition scores exceed model pred
tions might indicate better integration abilities.
oc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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3. What are the most important nonsignal-related
‘‘top-down’’ processes that contribute to
individual variability in AV speech recognition?

Individuals interpret speech signals in conjunction w
stored linguistic knowledge~Lindblom, 1996!. This knowl-
edge base includes the individual’s vocabulary and ot
properties of the lexicon, their knowledge of semantics a
syntax, their use of word-level and sentence-level contex
compensate for misperceptions and impoverished acou
and visual information, and memory processes and strate
for lexical access based on partial information in the sign
Measures of variability for each of these sources of linguis
knowledge are likely to reveal interesting subject differenc
which may impact on AV recognition of speech. Unfort
nately, this potentially important source of variability in AV
performance continues to receive little attention in the lite
ture.

The experiments reported here represent the first i
series of studies to evaluate the importance of these diffe
factors~cue extraction, integration, top-down processing! in
determining AV speech recognition. In the present study,
focus mainly on the first two factors and describe individu
variability in AV consonant and sentence recognition
hearing-impaired persons in terms of two factors: the abi
to recognize consonants auditorily and visually, and the a
ity to integrate A and V cues. Admittedly, consonant reco
nition represents only one class of several potentially imp
tant ‘‘bottom-up signal-related’’ factors~as compared to the
recognition of consonant clusters, vowels, word and sente
stress, syllabification, etc.!. One reason for choosing to in
vestigate consonant recognition is that in English, con
nants account for a large proportion of the total segme
information making up lexical items~Kucera and Francis
1967!. Furthermore, many of the acoustic cues that help d
tinguish one consonant from another are often of low int
sity and involve rapid, short-duration spectral transitio
making them difficult to hear under conditions of hearin
impairment or environmental distortion~e.g., noise or rever-
beration!. These two attributes of consonants~frequency of
occurrence in the language and acoustic characteristics! lead
us to hypothesize that variability in consonant recognit
will contribute strongly to variability in word and sentenc
recognition.

This study is divided into three main parts: obtainin
measures of auditory~A!, visual ~V!, and auditory-visual
2680Grant et al.: Auditory-visual speech recognition
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~AV ! consonant recognition, deriving a measure of audito
visual integration ability from A and V consonant recogn
tion data, and obtaining measures of A, V, and AV sente
recognition. All measures were obtained on individu
hearing-impaired patients. The overall objective was to re
the variability in consonant recognition and AV integratio
ability to variability in AV sentence recognition.

I. METHODS

A. Subjects

Twenty-nine subjects between the ages of 41 and
years ~mean age565.0! were recruited from the patien
population of the Army Audiology and Speech Cent
Walter Reed Army Medical Center. All had acquired sen
rineural hearing losses due primarily to noise exposure.
average three-frequency~500, 1000, and 2000 Hz! pure-tone
threshold for the better ear was 33 dB HL~range: 0–63.3 dB
HL re; ANSI, 1989!. The average two-frequency~2000 and
4000 Hz! pure-tone threshold was 53.5 dB HL~range: 20–
77.5 dB HL!. No additional audiometric criteria were im
posed in subject selection. Because variability in the patte
of auditory consonant confusions was important to
planned analyses, subjects with a variety of configurati
and severity of hearing loss were included. In order to
clude a wide range of speech recognition abilities, poten
subjects were initially screened on their ability to recogn
IEEE Harvard sentences~IEEE, 1969! in noise @signal-to-
noise ratio~S/N! of 0 dB#. Screening of subjects continue
until 4–5 subjects with scores at each performance leve
approximately 10%, 20%, 30%, 40%, 50%, and 60% corr
were identified~i.e., 5 subjects at 10%, 5 subjects at 20
etc.!. All subjects were native speakers of American Engl
and had normal or corrected-to-normal vision. None h
prior experience as subjects of experiments involving vis
or bisensory speech recognition. Although many of the s
jects were experienced hearing-aid users, all testing was
ducted binaurally under headphones with speech levels
proximating 85 dB SPL. When eligible subjects were pa
for their participation in the screening process, and if
lected, during the main experiment.

B. Procedure

1. Consonant recognition

Consonant recognition was measured separately fo
V, and AV presentations. Speech materials consisted of e
teen medial consonants~/!,",#,$,%,,,&,',2,6,),3,Y,Z,b,c,#b,$c/!
surrounded by the vowel /Ä/. Ten productions of each /Ä/–
consonant–/Ä/ ~aCa! stimulus were spoken by a fema
talker of American English and recorded on optical disk~Pa-
nasonic TQ-3031F!. The audio portion of each productio
was digitized~16-bit A/D, 20-kHz sampling rate!, normal-
ized in level, and stored on computer~Vanguard 486!. For
auditory-visual presentations, the digitized computer au
and optical disk video portions of each production were
aligned using custom auditory-visual control softwa
Alignments were checked using a dual trace oscilloscop
compare the original and digitized productions of each ut
ance and were found to be within62 ms.
2681 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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Prior to testing, subjects were familiarized with the co
sonant set and the use of a touch screen in making respo
Care was taken to ensure that each subject understood
task and could make use of the eighteen consonant cate
labels. Auditory-visual practice blocks of 36 trials, each w
trial-by-trial feedback, were presented binaurally throu
headphones~Beyer DT-770! at a comfortable listening leve
appropriate for each subject. Speech materials were
sented in quiet with subjects seated in a sound-treated r
facing a 19-in. color video monitor~SONY PVM 2030! situ-
ated approximately 5 ft from the subject. After one or tw
initial practice blocks, subjects were required to achieve p
formatice levels on three additional consecutive pract
blocks of 92% correct consonant recognition or better. O
one subject~out of 30 tested! failed to meet this requiremen
and was eliminated from further testing.

Following familiarization training, data were obtaine
on consonant recognition in noise. On each test trial, a sin
aCa production was presented. The overall level of
speech signal was approximately 85 dB SPL. The aCa u
ances were mixed with a speech-shaped noise matched t
average long-term spectrum of the stimulus set and prese
at a S/N ratio of 0 dB. This level of noise was chosen
insure a sufficient number of recognition errors for t
planned analyses. A different sample of noise was used
each of the 180 tokens~18 consonants310 productions!.
Each speech token began 50 ms after the noise started
ended 50 ms before the noise finished. Subjects were
quired to identify the consonant presented, selecting th
response from a touch screen terminal displaying all 18 p
sible consonant labels. Subjects were tested in blocks o
trials. Ten blocks each were presented in the A, V, and
conditions, yielding a total of 40 trials per consonant p
condition. The order of A, V, and AV conditions was ran
domized for each subject. No feedback was provided.

2. Auditory-visual integration

Three recent models of auditory-visual speech recog
tion ~Massaro, 1987; Blameyet al., 1989; Braida, 1991!
were used for estimating the efficiency with which individu
subjects integrate A and V cues. Each of these models
dicts AV recognition scores from A and V scores alon
Differences between predicted and obtained AV scores w
used as a measure of each subjects’ integration efficie
Below, a brief description of each model is presented alo
with the methods used to derive individual integration me
sures.

a. Braida (1991)—PRE. In the Prelabeling Model of
Integration, confusion matrices from A and V consonant r
ognition are subjected to a special form of multidimensio
scaling ~MDS! and interpreted within a Theory of Signa
Detection ~e.g., Green and Swets, 1966; Macmillanet al.,
1988!. The model provides a spatial interpretation of t
ability to distinguish between consonants analogous to
derived from traditional multidimensional scaling~Borg and
Lingoes, 1987!. However, unlike traditional MDS, the scale
distances between consonants in the separate A and V sp
are converted to a common metric,d8, explicitly reflecting
the correctness of responses. The decision process assu
2681Grant et al.: Auditory-visual speech recognition
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comparison between stimulus attributes~modeled as a mul-
tidimensional vector of cues,XW ! and prototypes or respons
centers~RW ! in memory. Subjects are assumed to respondRk

if and only if the distance from the observed vector of cueXW

to RW k is smaller than the distance to any other prototype
subject’s sensitivityd8( i , j ) in distinguishing stimulusSi

from stimulusSj is given by

d8~ i , j !5iSW i2SW j i5A(
k51

D

~Sik2Sjk!2, ~1!

where iSW i2SW j i is the distance between theD-dimensional
vector of cues generated by stimuliSi andSj .

In the present study, estimates of stimulus and respo
centers that best fit a given confusion matrix were obtai
iteratively using a KYST procedure~Kruskal and Wish,
1978!. For the first iteration,SW and RW are assumed to b
aligned. Subsequent iterations attempted to improve
match between predicted and obtained matrices~using a
x2-like measure! by displacing slightly both stimulus an
response centers. Each iteration assumed 5120 presenta
per consonant token yielding a total of 92 160 trials per m
trix. This number was selected to reduce the stimulus v
ability in each simulation to approximately 1/10th of th
variability in the data. The MDS fits were further optimize
by choosing either two- or three-dimensional solutions
pending on which gave the best fit to the unimodal matri

Prelabeling model predictions for AV performance a
made solely on the basis of unimodal performance. Ass
ing that A and V cues are combined optimally, the decis
space for the AV condition is the Cartesian product of
space for the A condition and the space for the V conditi
Thus the relation between a subject’s sensitivity in the A
condition and the corresponding unimodal sensitivities,
suming no perceptual interference~e.g., masking or distrac
tion! across modalities, is given by

dAV8 ~ i , j !5AdA8 ~ i , j !21dV8 ~ i , j !2. ~2!

Predictions of AV consonant recognition were made us
the A and V consonant recognition data described above
compared to AV consonant recognition obtained by in
vidual subjects. Since Braida’s Prelabeling Model is an
timum processor model, predicted AV scores will alwa
equal or exceed observed AV scores. A subject’s integra
efficiency, as predicted by the model, was given by the
ference between predicted and observed AV recogni
scores~with zero difference indicating perfect integration!.

b. Massaro (1987)—FLMP. In the Fuzzy Logical
Model of Perception~FLMP!, auditory and visual channel
are considered to be independent sources of informa
about the identity of the AV stimulus. Continuously value
features are evaluated, integrated, and matched against
totype descriptions in memory, and an identification decis
is made on the basis of the relative goodness of match o
stimulus information with the relevant prototype descr
tions. In the multimodal case, each speech segment poss
a set of feature values for the auditory channel and a se
feature values for the visual channel. For example, in
syllable /"Ä/, the lips coming together represent a visual fe
2682 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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ture, whereas second and third formant transitions appro
ate for /"Ä/ represent acoustic features. To relate these se
informational values to each other, a common metric ba
on fuzzy truth values~Zadeh, 1965! is used. Truth values
ranging between 0 and 1 are used to represent the good
of-fit between each particular feature in the information
and the prototypical feature value in memory. Although fe
ture values are considered the basis for the match betwe
given speech signal and its prototypical representation, th
values are not observed directly. Instead, they are infe
from the response patterns obtained from separate audi
only and visual-only recognition experiments. To predict
modal performance, auditory-visual feature values are
sumed to be proportional to the product of unimodal feat
values. According to Massaro~1987! and Massaro and Fried
man ~1990! a multiplicative combination of feature value
predicts an optimal level of performance given multip
sources of information. The multiplicative rule for AV inte
gration used by Massaro is given by

PAV~Rj uSi !5
PA~Rj uSi !3PV~Rj uSi !

(
k51

N

PA~RkuSi !PV~RkuSi !

, ~3!

where PAV(Rj uSi) is the conditional probability that re
sponseRj is given when the AV stimulusSi is presented, and
PA(Rj uSi) and PV(Rj uSi) are the conditional probabilities
for the A and V unimodal cases, respectively. The deno
nator is the sum of the conditional probabilities in thei th row
of the confusion matrix and normalizes the feature values
the N responses to conditional probabilities.

In our implementation of the FLMP, a fixed form of th
model was used where the parameter values representin
goodness-of-fit of any particular token~presented in either
the A or V modality! to its prototypical memory representa
tion are assumed to be equal to the unimodal performa
level for that token.3 In other words, the truth values wer
derived directly from the original confusion matrices for th
unimodal conditions. For example, if a subject correc
identified auditory /"Ä/ 85% of the time, thenPA(RbauSba)
50.85. Similarly, if the subject responded ‘‘va’’ 10% of th
time given this same auditory stimulus, thenPA(RvauSba)
50.10, and so on. Thus the set of A and V conditional pro
abilities derived from the A and V confusion matrices we
used directly with the multiplicative rule to predict AV re
sponses.

Braida ~1991! has shown that the fixed FLMP mode
makes reasonably good predictions of multimodal sco
without systematically under- or over-predicting observ
accuracy. However, the model has a tendency to under
mate AV performance when A performance is particula
poor and overestimate AV performance when A performa
is relatively good. As with the PRE model, integration ef
ciency was defined as the difference between predicted
observed AV consonant recognition scores.

c. Blamey et al. (1989)—PROB.According to the
model proposed by Blameyet al. ~1989!, AV speech recog-
nition errors occur only when there are simultaneous err
in bothA and V recognition. Model predictions are stated
2682Grant et al.: Auditory-visual speech recognition
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terms of percentage of information transmitted~%IT!. Thus
given the probability of an auditory error@12%IT~A!# and
visual error@12%IT~V!#, the AV error rate is given by

AVERR5~12%ITA!~12%ITV), ~4!

and the AV score is given by

12~AVERR!. ~5!

The advantage of this simple probabilistic model~PROB! is
that it can be used to predict a wide range of speech re
nition scores, including information transmission scores
speech features~e.g., voicing, manner-of-articulation, etc.!,
words, and sentence recognition scores. The disadvanta
that human observers often do better than the model pre
~Blameyet al., 1989!, suggesting that the model is not op
mal. The Blameyet al.model represents a probabilistic com
bination of the A recognition response and the V recognit
response made independently of each other. Howe
Braida ~1991! showed that predicted AV recognition scor
are generally higher when intormation from the two moda
ties are integrated before response labels are assigned.
actual observed AV scores that exceed those predicted
Blamey et al. ~1989! are likely the result of the observers
use of prelabeling integration processes, and, the greate
deviation from predicted score, the greater the integra
efficiency.

3. Sentence recognition

As with consonant recognition, sentence recognition w
measured separately for A, V, and AV presentations. Spe
materials consisted of the IEEE/Harvard~1969! sentences.
These are 720 phonetically balanced low-context sente
each containing five key words~e.g., ‘‘Thebirch canoe slid
on thesmooth planks’’ !. The sentences are organized into
lists with 10 sentences in each list. These stimulus mate
were filmed at the Massachusetts Institute of Technol
using the same female talker used for the VCV materials
dubbed onto an optical disc~Panasonic TQ-3031F!. The au-
dio portion of the sentences were treated in the same ma
as the consonants.

A and AV sentence recognition was measured at a
ratio of 0 dB. For AV presentations, the subjects viewed
19-in. color video monitor~SONY PVM 2030! from a dis-
tance of approximately 5 ft.

The subjects were asked to write down what they p
ceived in A, V, and AV presentation modes. Subjects w
encouraged to respond with as much of the sentence as
could, and to guess whenever they were uncertain. All s
tences were scored for the percentage of key words corre
identified. A strict scoring criterion was used in which a
tense~e.g., ‘‘–ed’’! and number~e.g., ‘‘–s’’! affixes were
required to be correct for the key word to be correct. On
other hand, homophones were counted as correct~e.g.,
‘‘read’’ for ‘‘red’’ !.

For each test condition~A, V, and AV!, five lists of
sentences~ten sentences/list! were presented. Thus eac
score was based on 250 words~5 words per sentence, 1
sentences per list, 5 lists per condition!. The order of the tes
2683 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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conditions and lists were randomized for each subject.
feedback regarding the correctness of responses was
vided.

4. Summary

The specific question addressed by the various spe
measures obtained in this study was how much of the in
vidual variability in AV sentence recognition could be a
counted for by variability in AV consonant recognition? Fu
ther, it was assumed that AV consonant recognition
determined primarily by auditory and visual cue extracti
abilities and the efficiency at which the unimodal cues co
be integrated. The ability to extract auditory and visual cu
were determined by analyses of error patterns made in s
rate A and V consonant recognition tests. To measure i
gration ability, three models of integration~PRE, FLMP, and
PROB! were used to predict AV consonant recognitio
scores from independent measures of A and V conson
recognition. Integration efficiency was defined as the diff
ence between predicted and observed AV consonant re
nition scores. This is the first report, as far as we are aw
to describe individual differences in AV integration effi
ciency, and how these differences may relate to speech
ognition performance.

II. RESULTS

A. Consonant recognition

Variability in AV consonant recognition was examine
in terms of A and V consonant recognition. In addition, co
sonant confusions made in each of the unimodal conditi
were examined to determine the relation between AV rec
nition and unimodal feature recognition.

Focusing initially on overall recognition accuracy, Fig.
shows A, V, and AV consonant recognition scores for ea
of the 29 subjects. Auditory-visual recognition scores~dis-
played along the abscissa! ranged from 60% to 98%~mean
581%, s.d.59.5%!, whereas A recognition scores range
from 20% to 74%~mean549%, s.d.512.3%!. Speechreading
~i.e., V-only! scores were less variable across subjects

FIG. 3. A and V consonant recognition as a function of AV conson
recognition.
2683Grant et al.: Auditory-visual speech recognition
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ranged from 21% to 40%~mean531%, s.d.54.3%!. All sub-
jects were able to benefit substantially from the combinat
of audition and speechreading with the mean performa
difference between AV and A test conditions equal to 32
~s.d.57%!. For these materials, this amount of gain
roughly equivalent to a 5–6 dB improvement in signal-
noise ratio~Grant and Walden, 1996a!. Also apparent from
the figure is the strong relation between AV and A sco
(r 50.82) and the weaker relation between AV and V sco
(r 50.63). Both of these correlations were highly significa
(p,0.001).

The correspondence between unimodal and bimodal
formance shown in Fig. 3 is based solely on overall rec
nition accuracy in each of the three receiving conditions. I
likely that even higher correlations between unimodal a
bimodal performance would result if the patterns of A and
confusions were considered. Previous data obtained by G
and Walden~1996a!, as well as the predicted AV score
shown in Fig. 2, suggest that AV consonant recognition p
formance is determined in large part by the accuracy w
which auditory voicing plus manner cues and visual pla
cues are extracted from the unimodal conditions. To inve
gate this, a feature-based information analysis~Miller and

FIG. 4. Voicing-plus-manner and place information transmission for A,
and AV modalities as a function of overall information transmitted~IT!.
2684 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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Nicely, 1995! was performed on the unimodal and bimod
confusion matrices of the 29 subjects. The accuracy of in
mation transmission~IT! for a variety of speech features wa
determined, including a 7-category voicing1manner~V1M!
feature and a 6-category place~P! feature as described in
Table I. The three panels displayed in Fig. 4 show the res
for the V1M and P features as a function of the overall
for A ~top!, V ~middle!, and AV ~bottom! conditions, respec-
tively. As expected for auditory presentations~top panel!
given the subjects’ hearing losses and the relatively p
S/N, AV1M cues ~mean50.61! were received more accu
rately than AP cues~mean50.35!. In contrast~middle panel!,
VP cues~mean576%! were received more accurately tha
VV1M ~mean50.24!. In the AV condition ~bottom panel!,
AVP cues~mean50.88! were received with greater accurac
than AVV1M cues~mean50.74!. This is noteworthy in that
place cues, as opposed to voicing or manner cues, have
shown consistently to be more susceptible to the deleter
effects of noise and hearing loss~Miller and Nicely, 1955;
Rabinowitzet al., 1996!. The implications of this observa
tion for hearing-aid development and rehabilitation will b
discussed later.

An attempt was made to relate unimodal feature rec
nition to AV feature recognition to explore further the co
nection between A and V segmental cues and AV recog
tion. Figure 5 shows scatter plots of four unimodal-t
bimodal relations: AVP vs AP ~filled circles!, AVP vs VP

~open circles!, AVV1M vs AV1M ~filled squares!, and AVV1M

vs VV1M ~open squares!. All four correlations were signifi-
cant (r>0.53, p<0.003). However the strongest correl
tions were between AVP recognition and VP (r 50.83) and
between AVV1M recognition and AV1M (r 50.91). This is
not to imply that AP cues did not contribute to AVP recog-
nition or that VV1M cues did not contribute to AVV1M rec-
ognition. In fact, by combining VP and AP scores into a
single P score~e.g, by using the PROB model!, the correla-
tion with AVP (r 50.90) is significantly higher than the cor
relation between VP and AVP. A similar analysis regarding

,

FIG. 5. A and V feature transmission scores as a function of AV feat
transmission scores.
2684Grant et al.: Auditory-visual speech recognition
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AVV1M recognition showed that combining the two unim
dal V1M scores hardly improved the correlation previous
obtained with the AV1M score alone (r 50.93). Therefore, in
describing the AV feature IT for the 29 hearing-impair
subjects, AVV1M recognition was determined primarily b
AV1M whereas AVP was determined by the combined influ
ences of VP and AP.

B. AV consonant integration

Auditory-visual consonant recognition is assumed to
determined primarily by the amount and type of A and
cues that can be extracted from the speech signal~unimodal
cue extraction!, and the efficiency with which these cues c
be combined across the two modalities~bimodal integration!.
In order to separate these two factors, a measure of AV
tegration must be devised. In this section, three models
pable of predicting AV consonant recognition from A and
consonant recognition are used to derive such measu
Each model is used to predict AV consonant identificat
accuracy for individual subjects. The differences betwe
obtained and predicted scores are then used as measu
individual integration skill. It should be noted that subjec
with relatively good integration skills need not achieve bet
overall AV recognition scores than subjects with relative
poor integration skills. As we are using the term, integrat
only refers to the ability to combine the cues derived fro
the separate modalities. Therefore, subjects with very poo
and/or V cue resolution might still be excellent integrators
they use these cues to their fullest potential in bimodal p
ception. The net result, depending on the amount of A an
cues recognized, might still be a relatively poor overall A
score. Conversely, subjects with excellent cue resolution
relatively poor integration skills may end up with a relative
high AV score by virtue of a high A or V score alone. The
examples suggest that integration skill might be better
lated to AV benefit than to AV score. For the purpose of t
study, AV benefit was defined as~AV-A !/~100-A!, or the
recognition improvement relative to the total possible i
provement given an individual’s A-alone score~Sumby and
Pollack, 1954!.

Predicted versus observed AV consonant recogni
scores are shown in Fig. 6. AV predictions made by the P
FLMP, and PROB models of integration are shown se
rately in the top, middle, and bottom panels of the figu
The Pearson correlations between observed and pred
AV recognition scores were fairly similar for the three mo
els: 0.89 for the PRE, 0.83 for the FLMP, and 0.89 for t
PROB. As indicated by the position of the data points re
tive to the line AVOBSERVED5AVPREDICTED shown in each
panel, predictions by the PRE model were either equal to
greater than obtained performance, whereas prediction
the FLMP and PROB models generally underpredicted
performance.4 This was especially true for the FLMP whe
the input unimodal scores were low. In the fixed FLM
model, stimuli identified correctly in one modality but inco
rectly in the other are predicted to be incorrect in the co
bined AV condition@see Eq.~3!#. As Braida~1991! noted,
the fixed FLMP model does not properly account for stru
2685 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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tured errors and relies too heavily on unimodal accuracy
contrast, the PRE model focuses more on the consistenc
unimodal responses~as determined by MDS! and not neces-
sarily on accuracy. Thus the PRE model makes a predic
of optimal performance~not necessarily optimal fit! and
would therefore be expected to over predict observed sco

In Fig. 7, the derived measure of integration skill~i.e.,
the difference between predicted and observed scores fo
dividual subjects! is shown with respect to the amount o
relative AV benefit obtained. When compared in terms of
ability to predict the relative benefit provided by speechre
ing, the derived measure based on PRE model predict
accounted for approximately 56% of the variance in relat

FIG. 6. PRE, FLMP, and PROB model predictions of AV consonant rec
nition.
2685Grant et al.: Auditory-visual speech recognition
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AV benefit. In comparison, the PROB model accounted
roughly 20% of the variance, whereas the FLMP accoun
for about 7% of the variance. The correlations between
rived measures of integration efficiency and relative AV be
efit were significant for the PRE and PROB models, but
for the FLMP. Empirically, the PRE model appears to p
vide a better estimate of integration efficiency than either
FLMP or PROB model.

Because the PRE model predicts optimum AV recog
tion performance, anything less than perfect AV conson
recognition for subjects who are well predicted by the P
model is probably due to poor cue extraction and not to p
integration. On the other hand, subjects whose AV conson

FIG. 7. Relation between derived integration measure (AVPREDICTED

2AVOBSERVED) and relative AV benefit for consonants.
2686 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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recognition scores fall below PRE model predictions m
not be integrating all the unimodal cues available to the
For these subjects, improved AV speech recognition sco
may be achieved by focusing on integration training in ad
tion to cue extraction. The amount of AV improvement
consonant recognition that could be expected with integ
tion training is indicated by the performance difference b
tween predicted and observed AV scores shown along
abscissa in the top panel of Fig. 7. The average differe
was 8.5% and the maximum difference was 16.1%.

C. Sentence recognition

Recognition results for IEEE/Harvard sentences
shown in Fig. 8. As in Fig. 3, A and V recognition results a
shown in relation to AV recognition scores. Auditory-visu
sentence recognition of key words~shown along the ab-
scissa! ranged from 23% to 94%~mean565.5%; s.d.
517.5%!. Auditory sentence recognition ranged from 5%
70%~mean539.7%; s.d.519.1%! and visual sentence recog
nition scores ranged from 0% to 20%~mean56.5%; s.d.
55.6%!. Although there was no appreciable correlation b
tween the subject’s A and V scores, and in spite of the v
low speechreading scores overall, all subjects benefited f
the addition of visual cues. Every subject’s AV score w
better than his/her A score, even when the V score was
correct. A strong correlation was evident between A and A
sentence recognition~r 50.82; p,0.001!. The correlation
between V and AV sentence recognition was also significa
but weaker~r 50.44; p,0.02!.

The benefit obtained from combining A and V cues
sentence recognition varied substantially across individu
To address this issue, relative AV benefit scores,~AV-A/
~100-A!, were computed for each subject. The average r
tive benefit was 44%~s.d.517.8%! with a maximum of 83%
and a minimum of 8.5%. The large individual differences
the amount of relative benefit received were only wea
related to the subject’s A performance (r 50.34). A much
better accounting of individual differences in relative A
benefit for sentences was provided by subjects’ speechr
ing scores, in that better speechreaders obtained more

FIG. 8. A and V sentence recognition as a function of AV sentence rec
nition.
2686Grant et al.: Auditory-visual speech recognition
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benefit for sentences (r 50.72).5 The relatively strong corre
lation between V sentence recognition and relative AV s
tence benefit, in conjunction with the weaker relation o
served between visual consonant recognition and relative
consonant benefit (r 50.55), suggests that better speechre
ers of sentence materials are able to extract more visua
formation than the poorer speechreaders with regard to
tain cues such as word segmentation and stress, bot
which would prove useful in the AV sentence condition~Ris-
berg, 1974; Risberg and Lubker, 1978; Grant and Wald
1996b!. Obviously, these cues would play a much sma
role in consonant recognition than in sentence recogni
which might help explain the apparent greater significance
speechreading for AV sentences than for AV consonants

A second possibility may be that the better speechre
ers engage useful higher-level cognitive skills in addition
the bottom-up information extracted from the visual spee
signal. With meaningful sentence materials, speechrea
requires that subjects not only extract signal cues from vis
speech movements, but form linguistic wholes from p
ceived fragments as well. This ability to performperceptual
closure~Wertheimer, 1938; O’Neill and Oyer, 1961; Watso
et al., 1996! is useful regardless of modality, especially wh
the input signals are ambiguous. Therefore, it is possible
better speechreaders of sentence materials have better
ceptual closure skills than poorer speechreaders, w
would facilitate AV sentence benefit.

D. Relations among consonant and sentence
recognition

According to Fig. 1, auditory-visual consonant recog
tion is primarily a function of A and V cue extraction an
cue integration. AV sentence recognition, on the other ha
is a function of A and V signal-cue extraction, cue integ
tion, lexical processes, memory processes, and the us
linguistic and world knowledge in conjunction with seman
and syntactic context. If this conceptual framework is c
rect, then the proportion of variance in AV sentence rec
nition data not accounted for by AV consonant recognition
most likely due to individual differences intop-downspeech
recognition processes.

Figure 9 shows the relation between consonant reco
tion and sentence recognition for A, V, and AV condition
In all three receiving modalities, the correlations were hig
significant (p,0.007). For the A and AV conditions, re
spectively, 52% and 54% of the variance observed in s
tence recognition was accounted for by consonant reco
tion. For the V condition, 25% of the variance in visu
sentence recognition could be accounted for by visual c
sonant recognition. This reduction in the amount of varian
explained for the V modality~compared to either A or AV
modalities! is probably due to the relatively narrow range
scores observed for visual consonant recognition~mean
531.2%, s.d.54.3%!. In general, however, the data sho
that variability in A and AV sentence recognition is dete
mined to a great extent bybottom-upprocesses related to cu
extraction and cue integration.

With regard to individual differences in the benefit r
ceived from combining A and V cues in sentence recog
2687 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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tion, the results suggested that speechreading ability, m
sured either with nonsense syllables or with meaning
sentences, was the most consistent unimodal predictor of
sentence benefit. For example, measures of relative AV
tence benefit correlated significantly with visual conson
recognition ~r 50.66, p,0.001! and with visual sentence
recognition ~r 50.72, p,0.001!. In contrast, relative AV
benefit was not significantly correlated with auditory cons
nant or auditory sentence recognition. Finally, although
correlations between measures of relative AV benefit
consonants and relative AV benefit for sentences was sig
cant (p50.02), relative AV consonant benefit accounted
only 18% of the variance in relative AV sentence benefit

III. DISCUSSION

The conceptual framework schematized in Fig. 1 hig
lighted a variety ofbottom-upand top-downsources of in-
formation that are likely to be important in AV speech re
ognition. The general purpose of this work was to furth
delineate the various factors and perceptual processes
determine individual variability in AV sentence recognitio
In this study, we focused on consonant recognition and
integration at the segmental level and the relation betw
consonant recognition and the recognition of words in s
tences.

Auditory-visual consonant recognition can be reaso
ably well described as a simple combination of visu
place-of articulation cues and auditory manner-plus-voic
cues. This rather simple conception of the problem of p
dicting AV consonant recognition in individual listeners
supported by the results of Massaro’s FLMP and Braid
Prelabeling Model of integration, and by earlier work b
Grant and Walden~1996a!. As shown in Fig. 2, model pre
dictions of AV recognition given average speechread
skill, depend primarily on which speech features are resol
in the auditory condition, and not on the overall accuracy
auditory speech recognition. For example, individuals w
receive only voicing or manner cues through audition
predicted to have higher AV consonant recognition sco

FIG. 9. Relation between consonant recognition and sentence recogn
for A, V, and AV modalities.
2687Grant et al.: Auditory-visual speech recognition
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than individuals who receive only auditory place-o
articulation cues. These model predictions support the i
that integration of complementary A and V speech featu
results in higher AV recognition scores than integration
redundant features, as is the case when the A modality
tributes primarily place-of-articulation cues. A similar co
clusion can be drawn from the study by Grant and Wald
~1996a!. In that study, normal-hearing listeners were p
sented with filtered bands of speech in combination w
speechreading. Low-frequency bands of speech, which
veyed primarily voicing and manner information, resulted
higher AV recognition of consonants than high-frequen
bands which conveyed mostly place information. This w
the case, even though the high-frequency bands were o
more intelligible than the low bands when presented with
speechreading.

In the present study, the ability to extract V1M and P
cues from the A and V conditions was quite variable acr
subjects. For example, when compared to previ
speechreading results obtained with normal-hearing sub
~Grant and Walden, 1996a!, the HI subjects displayed a sig
nificantly wider range of performance for the recognition
VP cues ~36%–96% for the HI subjects as compared
73%–94% for the NH subjects!. For HI subjects with rela-
tively low VP recognition~below 70%! speechreading train
ing would seem appropriate. Using Braida’s model we c
estimate the amount of AV improvement expected to re
from such training. Model fits were computed for each
subject using the average visual confusion matrix from Gr
and Walden~1996a! in combination with individual auditory
confusion matrices and compared to original model fits
tained with the subject’s own visual confusion matrix. Th
average orgenericvisual matrix had a VP score of 0.87 and
represents conservatively what we feel can be achie
through speechreading training~Waldenet al., 1977!. Figure
10 shows the predicted AV improvements obtained for e
subject. According to this analysis, subjects with VP recog-
nition less than 0.7 would show improvements between
and 11.5%.

With regard to auditory consonant features, it is cle
that strategies for improving the information transmission

FIG. 10. Predicted AV consonant improvement that would likely res
from speechreading training.
2688 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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the V1M feature need to be developed, either through au
tory training or signal processing. For our subjects, the AV1M

feature was received more accurately than the AP feature,
whereas the AVV1M feature was received less accurate
than the AVP feature. Note that the finding for AV featur
recognition is precisely the opposite result of classic feat
studies of auditory-only listening conditions~e.g., Miller and
Nicely, 1955!. Manner and voicing information can be rep
resented by time-intensity envelope cues which tend to
more resistant to the effects of hearing loss or backgro
noise than are the rapid spectral transitions and spe
shapes associated with AP cues ~Van Tasell et al., 1987;
Rosen, 1989!. It is reasonable, therefore, for researchers a
clinicians concerned with improving auditory speech reco
nition to advocate hearing aid fitting and other rehabilitat
strategies to improve AP reception~Rabinowitzet al., 1992!.
However, to improve AV speech recognition, improvin
AV1M reception~as opposed to AP reception! needs to be the
focus of rehabilitative efforts, assuming that the individu
has at least average speechreading and integration abili

The integration processes by which A and V speech c
are combined are not well understood. The results of
efforts to measure this ability across HI listeners sugge
that there is substantial intersubject variability in integrati
efficiency and that better integrators are likely to derive m
AV benefit than poorer integrators, at least for conson
recognition.

The integration abilities of individual listeners current
are not subject to direct observation. Instead, they mus
derived from speech recognition performance obtained fr
unimodal and bimodal receiving conditions, and models
the integration process. The approach used in this study
an attempt to partial out the contributions of informatio
extraction and information processing as they relate to
speech recognition. Braida’s PRE model is a theoretica
optimal integrator which produces the best possible reco
tion score for each subject, given their A and V conson
recognition data. The predictions of this model can be us
among other clinical applications, to estimate the perf
mance that may be possible if the subject was able to i
grate the available information from the two modalities p
fectly. The difference between predicted and observed
scores suggests that, on average, a gain of 8.5%~maximum
gain516.1%! could be expected for the subjects of this stu
with appropriate integration training. This model also allow
us to test the effectiveness of certain rehabilitation strate
or signal processing algorithms with respect to predicted
gain. For example, if we eliminated a particular audito
consonant confusion~e.g., /Ä"Ä/ vs /Ä3Ä/! through training or
signal processing, it would be possible to calculate the p
dicted improvement in overall AV recognition score. Sim
larly, one could estimate the overall benefit of combini
several rehabilitation strategies, such as speechreading t
ing and integration training. For example, for the 14 subje
who either received less than 70% place information in the
condition or who were over-predicted by the PRE model
more than 10%, we would expect a potential combined tra
ing benefit~speechreading training and integration trainin!
of 9% to 26% depending on the individual subject.6

t
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In comparing speech recognition results with nonse
aCa syllables and IEEE sentences, significant correlat
were found within receiving condition~i.e., ACONS}ASENT,
VCONS}VSENT, and AVCONS}AVSENT!. Especially notewor-
thy was the finding that over 50% of the variability in AV~or
A! sentence recognition could be accounted for by AV~or A!
consonant scores. In addition, the relative AV benefit
consonants was significantly correlated with the relative b
efit for sentences~r 50.43, p50.02!. Thus AV recognition
of IEEE sentences and the amount of benefit provided
visual cues to audition is determined, in large measure
the recognition of medial consonants, which can be fa
well predicted by separate measures of A and V conson
recognition and a measure of AV consonant integration.

When discussing the relationship between AV con
nant recognition and AV sentence recognition, it is import
to consider the many differences between these two se
materials. It is well known that fluent speech productio
like the IEEE sentences and carefully articulated nonse
syllable productions like the vCv consonant set differ w
regard to phonetic~speaking rate, segment duration, etc!,
phonological~vowel neutralization, flapping, etc.!, lexical,
morphosyntactic, and semantic factors. These differences
likely to weaken the association between segment artic
tion scores and sentence intelligibility scores. In additi
they suggest several possible processes important for fl
speech recognition, such as the ability to use lexical, sem
tic, and grammatical constraints~Fletcher, 1953; Boothroyd
and Nittrouer, 1988!, short-term memory, and the processi
speed required to make lexical decisions~Seitz and Rakerd
1996!, that may vary significantly across individuals. Give
this array of different factors separating the recognition
nonsense medial consonants in a single vowel context f
that of meaningful sentence materials, the strength of
observed association across HI subjects found in this stud
quite remarkable.

In summary, individual performance on AV speech re
ognition tasks involving words or sentences ultimately d
pends on how lexical access is affected by information p
vided by auditory and visual sources, the processes by w
information is integrated, and the impact of top-down co
textual constraints and memory processes. Our efforts
far to evaluate these factors in individual subjects have
cused mainly on nonsense syllable recognition~consonant
recognition and the recognition of selected speech featu!,
the recognition of certain prosodic contrasts~Grant and
Walden, 1996b!, and segmental integration skills. The
studies have shown that the benefit of visual cues in
speech recognition can be readily interpreted in terms of
degree of redundancy between A and V cues, with gre
redundancy leading to smaller benefits. Furthermore, th
appear to be substantial individual differences regarding
efficiency with which A and V segmental cues are integrat
These differences in integration abilities can also lead
fairly large differences in the amount of AV benefit o
served. Taken together, an accounting of the redundancy
tween A and V features and a measure of integration e
ciency can account for the bulk of the variability in A
segment recognition. Additional work is required, howev
2689 J. Acoust. Soc. Am., Vol. 103, No. 5, Pt. 1, May 1998
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to more fully account for the variability observed in the re
ognition of words and sentences. Ongoing efforts to exp
this work to include the recognition of additional speech s
ments in different phonetic environments, multi-syllabic co
sonant and vowel sequences~to mimic speech rates found i
fluent productions!, measures of AV integration in connecte
speech, and measures of lexical redundancy and sem
context usage across individual subjects, will no doubt i
prove our overall understanding of AV speech recognitio
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1The visual confusion matrix used for these model fits was obtained u
the same consonant stimuli used in the present study. The results o
normal-hearing subjects were pooled to form a single confusion ma
The overall percent information transmitted~IT! was 55%. The percen
place IT was 87%.

2AV predictions based on Massaro’s~1987! Fuzzy Logical Model of Per-
ception ~FLMP! produced nearly identical results as those shown in
figure. Descriptions of the PRE and FLMP model are presented in
methods section.

3In Massaro’s evaluation of the FLMP, response probabilities obtained f
the unimodal A and V confusion matrices are treated as approximation
the auditory and visual truth values. The programSTEPIT ~Chandler, 1969!
is used to derive a set of optimal feature values which are then use
conjunction with Eq.~3! to predict the AV response. This iterative proce
is accomplished with prior knowledge of the AV response probabilities
minimizing the average root mean square deviation between the pred
and obtained AV responses, the original and adjusted A responses, an
original and adjusted V responses. Thus by manipulating the original A
V response patterns by small amounts, application of the multiplicative
results in a better fit than if the multiplicative rule were applied to t
original unimodal matrices. This version of the FLMP is known as t
variable FLMP. The variable FLMP although providing excellent fits to A
data, can fail to demonstrate differences among subjects with similar A
V matrices but different AV matrices. Such subjects are likely to be
equally well by the variable FLMP model which, according to Massa
suggests that the integration processes are similar. However, for the
poses of measuring individual differences in AV integration, the mo
needs to distinguish among subjects according to the efficiency at whic
and V cues are integrated, even when subjects use similar integration
cesses.

4The number of subjects whose observed AV consonant scores exce
their predicted scores was 25 and 27 for the FLMP and PROB mod
respectively.

5Although the average sentence speechreading score was extremely
there was nevertheless a range of scores between 0% and 20% corr
2689Grant et al.: Auditory-visual speech recognition
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support the correlations between speechreading performance and re
AV sentence benefit. It should be noted that with low-context IEEE ma
rials, speechreading scores of 15%–20% reflect excellent speechre
skills.

6Estimates of training benefit assume that speechreading training woul
crease the number and recognition accuracy of place-of-articulation ca
ries to that of the average normal-hearing subjects studied by Grant
Walden ~1996a!. Further, it was assumed that integration training wou
result in integration efficiency ratios~i.e., AVOBSERVED/AVPREDICTED! be-
tween 0.9 and 1.0.
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