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Abstract
We compare automatic recognition with human perception of
audio-visual speech, in the large-vocabulary, continuous speech
recognition (LVCSR) domain. Specifically, we study the bene-
fit of the visual modality for both machines and humans, when
combined with audio degraded by speech-babble noise at var-
ious signal-to-noise ratios (SNRs). We first consider an auto-
matic speechreading system with a pixel based visual front end
that uses feature fusion for bimodal integration, and we com-
pare its performance with an audio-only LVCSR system. We
then describe results of human speech perception experiments,
where subjects are asked to transcribe audio-only and audio-
visual utterances at various SNRs. For both machines and hu-
mans, we observe approximately a 6 dB effective SNR gain
compared to the audio-only performance at 10 dB, however
such gains significantly diverge at other SNRs. Furthermore,
automatic audio-visual recognition outperforms human audio-
only speech perception at low SNRs.

1. Introduction
During the past decade, solid progress has been made in incor-
porating visual information extracted from the speaker’s lips,
or mouth region, intoautomatic speech recognition(ASR) sys-
tems, significantly improving their robustness to acoustic degra-
dation [1]-[5]. Research in this area, also known asautomatic
speechreading, although initially limited to single-speaker non-
sense, or isolated words [6], has grown to cover multi-speaker
connected-word recognition tasks [3], and, recently, speaker-
independent,large-vocabulary, continuous speech recognition
(LVCSR) [5]. For all these tasks, audio-visual ASR has been
demonstrated to outperform audio-only ASR, even in the clean
audio case. For example, in [5], it is reported that the visual
modality reduces theword error rate(WER) in LVCSR by 7%
relative in clean speech, and by 27% relative in the case where
the audio channel is artificially degraded by additivespeech-
babblenoise at an 8.5 dBsignal-to-noise ratio(SNR).

Similarly to automatic speechreading, significant progress
has been made in understanding howhumansperceive audio-
visual speech [1], [7]. As a matter of fact, work in human per-
ception has pre-dated and motivated the interest in automatic
speechreading. For example, the visual modality benefit to
speech intelligibility in noise has been quantified as far back as
in 1954 [8], whereas human fusion of audio and visual stimuli
has been demonstrated by theMcGurk effect[9]. There are three
reasons why vision benefits human speech perception: Speaker
(audio source) localization, segmental information that supple-
ments the audio, and complimentary to the audio speech infor-
mation, due to the visibility of the place of articulation [10].

Although closely related, joint studies of automatic
speechreading and human speech perception are infrequent
[11]. Of particular interest to the ASR community, for exam-

ple, would have been to benchmark audio-visual ASR system
performance against human listeners, thus possibly identifying
areas for its improvement. Although such comparisons have
been made for audio-only systems [12], to our knowledge, there
exist none for audio-visual word-level recognition [11], [13].

In this paper, and motivated by Lippmann’s work [12], we
proceed to compare machine and human performance in audio-
visual speech recognition. We are particularly interested in the
large-vocabulary, continuous speech domain, and in quantify-
ing the visual modality benefit in reducing the WER over audio-
only automatic and human recognition at a wide range of acous-
tic channel SNRs. To achieve this goal, we first consider the
automatic speechreading system of [14], and we compare its
performance with a traditional audio-only LVCSR system on
the IBM ViaVoiceTM audio-visual database [5], at a number of
SNR levels. Subsequently, we perform a simple human speech
perception experiment, where a small number of subjects are
asked to transcribe audio-only and audio-visual database utter-
ances at various SNRs. Finally, we compare the WER improve-
ments due to the visual modality, and we reporteffective SNR
gains(defined in Section 3) for both machines and humans.

This work is novel for a number of reasons: First,
we present new audio-visual ASR results for the automatic
speechreading system of [14]: We report recognition perfor-
mance at a large number of audio SNRs under both matched
and unmatched training, obtained by fulldecoding, and by us-
ing two feature fusion techniques. In contrast, in [14], only
clean and 8.5 dB SNR audio conditions have been considered,
and most audio-visual recognition results have been obtained
by rescoring audio-only lattices. Second, we present large-
vocabulary, continuous audio-visual speech human perception
experiments at a number of SNRs, allowing effective SNR gain
computations. To our knowledge, human audio-visual LVCSR
has also been studied in [15] at a single SNR, whereas effective
SNR gains have been reported to be 16 dB for word recognition,
in [8], and 11 dB forwhitenoise and sentences of limited syn-
tactical variety, in [16]. Last but not least, direct comparisons
between machine and human audio-visual LVCSR have never
before been performed.

The paper is structured as follows: Section 2 describes the
automatic speechreading system adopted. Section 3 presents the
audio-visual database and reports audio-only and audio-visual
ASR results. Section 4 discusses the human speech perception
study, followed by Section 5, that compares machine and human
speech recognition. Our conclusions are drawn in Section 6.

2. The automatic speechreading system
A large number of audio-visual ASR systems have been sug-
gested in the literature over the past years [1]-[6]. The two main
components that differentiate such systems are [6]: First, the vi-
sual front end, namely the extraction of features from the video



Proc. EUROSPEECH, Aalborg, Denmark, September 3-7, 2001

of the speaker’s face that provide visual speech information, and
second, the audio-visual fusion algorithm, i.e., the combination
of audio and visual features into a bimodal classifier to recog-
nize audio-visual speech. In this work, we use the automatic
speechreading system reported in [14], briefly described next.

2.1. The audio and visual features

We follow thepixel (appearance) based approach to visual fea-
ture extraction, as opposed to the use of lip-contour (shape)
based features, or joint appearance and shape based ones [5],
[6]. Given the speaker’s video, we first employ a statistical face
tracking algorithm to detect the speaker’s face and estimate the
mouth location and size [5]. Based on these, a size-normalized,
64�64 pixel region of interest(ROI) is extracted for every video
frame at 60 Hz, containing the speaker’s mouth. Subsequently, a
two-dimensional, separable,discrete cosine transform(DCT) is
applied to the ROI, and the 24 highest-energy (over all training
data) DCT coefficients are retained asstatic features. To facili-
tate audio-visual fusion, linear interpolation is used to obtain vi-
sual features, time-synchronous to the audio ones at 100 Hz. Fi-
nally, feature mean normalization(FMN) is employed to com-
pensate for lighting variations, providing the finalvisual-only
static features, denoted byy(V)t . On the other hand, theaudio-
only static features,y(A)t , consist of 24 mel-frequency cepstral
coefficients, computed over a sliding window of 25 msec, at a
rate of 100 Hz, after FMN application [14].

To obtain the final audio- and visual-only features, for each
modality, a cascade of two linear transforms is applied on a con-
catenation of consecutive static features, as a means of incorpo-
ratingdynamicspeech information and improving recognition.
Let the concatenation ofJs consecutive static features be
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with dimensionds=Js ns , wheres = A ;V. First, linear dis-
criminant analysis(LDA) data projection, and subsequently, a
data rotation by means of amaximum likelihood linear trans-
formation(MLLT) are applied on vectorsx(s)t . The final audio-
and visual-only feature vectors of dimensionDs are denoted by
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where matricesP (s)
LDA andP (s)

MLLT are of dimensionsDs� ds
andDs�Ds , respectively. ValuesnA=24 , JA=9 , DA=60 ,
andnV=24 , JV=15 , DV=41 , are used [14].

2.2. Audio-visual fusion

Audio-visual integration methods can be broadly grouped into
feature fusionalgorithms, that use asingle classifier trained
on the concatenated vector of audio and visual features, or on
any appropriate transformation of it [2], [4], [5], [6], [14], and
into decision fusiontechniques, that combine the two single-
modality (audio- and visual-only) classifier outputs to recognize
audio-visual speech [3], [5], [6].

For our speechreading system, we adopt two simple feature
fusion strategies, considered in [14]. The first (feature concate-
nation) uses the concatenation of the synchronous audio and
visual features as the joint bimodal feature vector
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whereD = DA +DV = 101 , here. This dimension is rather
high compared to feature vectors used in typical LVCSR sys-
tems. To achieve dimensionality reduction of (3), we apply
LDA, followed by MLLT, thus obtaining an alternative audio-
visual feature vector,
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Figure 1:Test set audio-only and audio-visual word error rate
(WER) using concatenative (see (3)) and HiLDA (see (4)) fu-
sion, for both matched and unmatched training/testing, as a
function of the audio channel signal-to-noise ratio (SNR).

This amounts to a second application of LDA and MLLT (see
(2)), therefore this fusion method is referred to asHierarchi-
cal LDA, or HiLDA. In our experiments, matrixP(AV)

LDA is of
size60 � 101 , giving rise to 60-dimensional HiLDA features.
For both feature fusion algorithms (3) and (4), we model the
generation process of the sequence of audio-visual features by
a single-streamhidden Markov model(HMM), with 2,808 con-
text dependent states and 47,160 Gaussian mixture components.

3. Automatic speechreading experiments

We use the IBM ViaVoiceTM audio-visual database for our ex-
periments [5]. It consists of full-face frontal video and audio
of 290 subjects, uttering continuous, read speech, with mostly
verbalized punctuation and a 10,400 word vocabulary. The
database video is sized at704� 480 pixels, interlaced, MPEG2
encoded, captured in color at a rate of 30 Hz (60 fields per sec-
ond are available at a resolution of 240 lines). High quality
wideband audio is synchronously collected with the video at a
rate of 16 kHz in an office environment at 19.5 dB SNR. Ap-
proximately 37.5 hours of data are used in speaker-independent
audio-visual ASR experiments, partitioned into atraining set
that contains 35 hours of data (17,111 utterances) from 239 sub-
jects, used for HMM parameter estimation, and a 2.5-hourtest
set (1,038 utterances) from 26 additional subjects, provided for
HMM evaluation.

To study the benefit of the visual modality to the automatic
speechreading system described in Section 2, we consider both
the original database clean audio (19.5 dB SNR), as well as a
number of progressively noisier audio conditions (down to -1.6
dB SNR), with the audio channel artificially degraded by addi-
tive, non-stationary, wideband, speech-babble noise. For each
audio condition, we use the training set data to first estimate ma-
tricesP (s)

LDA,P (s)

MLLT, for s = A ;V; andP(AV)

LDA ,P(AV)

MLLT (see (2),
(4)), and subsequently train audio-only and audio-visual HMMs
using concatenative (see (3)) and HiLDA (see (4)) feature fu-
sion [14]. We then evaluate the resulting HMM performance
on the test set (matchedtraining/testing scenario). The results
are depicted in Fig. 1 (solid lines). Notice that in all conditions
considered, HiLDA features significantly outperform concate-
nated audio-visual features. At 19.5 dB SNR, the visual modal-
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ity reduces the WER by 9% relative, when HiLDA is used (from
12.4% audio-only to a 11.3% audio-visual WER), however the
WER degrades to 13.3%, when concatenative feature fusion is
employed. For the 8.5 dB SNR condition considered in [14],
the HiLDA obtained WER improvement is 34% relative (from
38.5% to a 25.6% WER). These results outperform the ones re-
ported in [14], due to better trained models and the use of full
audio-visual decoding, instead of audio lattice rescoring with
audio-visual models. As expected, the benefit of including the
visual modality increases with decreasing SNR, reaching a rel-
ative 46% at -1.6 dB (from 92.2% to a 50.2% WER), by means
of HiLDA feature fusion. A useful indicator of this benefit is
the effective SNR gain, measured in this paper with reference
to the audio-only WER at 10 dB. To compute this gain, we need
to consider the SNR value where the audio-visual WER equals
the reference audio-only WER (see Fig. 1); for HiLDA fusion,
the gain equals approximately 6 dB, whereas for concatenative
fusion, the effective SNR gain drops to 4 dB.

In Fig. 1, we also depict audio-only and audio-visual per-
formance formismatchedtraining/testing (dash-lines). In this
scenario, the audio-only and audio-visual HMMs trained at the
original database audio channel condition (19.5 dB) are eval-
uated at all other SNRs. As expected, the performance of
all HMMs degrades, compared to the matched trained mod-
els, however, both mismatched audio-visual systems outper-
form mismatched audio-only ASR. Not surprisingly, as the mis-
match increases, HiLDA fusion becomes worse than concatena-
tive feature fusion. The effective SNR gain drops to about 4 dB
for HiLDA and to 4.5 dB for concatenative feature fusion.

In Section 5, when comparing audio-visual ASR and human
performance, we will be using HMMs trained in the matched
condition. In this case, HiLDA is superior, therefore we will be
only reporting HiLDA based ASR results.

4. Human speech perception experiments
Similarly to the automatic speechreading experiments reported
in Section 3, we consider utterances from the IBM ViaVoiceTM

audio-visual database, with their audio channel artificially cor-
rupted by additive speech-babble noise at various levels of SNR.
A small number of human listeners are then presented with
the audio-only, as well as the audio-visual stimuli containing
the speaker’s full frontal face, and they are asked in each case
to transcribe the utterances. The audio-only and audio-visual
WERs for the entire pool of transcribed sentences are then com-
puted at each SNR condition considered (see Fig. 2).

In more detail, 50 database sequences from asinglespeaker
are chosen for presentation to the human listeners, and their
transcriptions are verified for accuracy (recall that the database
consists of read speech, hence the original transcriptions are
available). Subsequently, the audio channel of each sequence
is demultiplexed from the MPEG2 video file, contaminated by
additive speech-babble noise at various SNRs, thus giving rise
to the audio-only stimulus, and then multiplexed back into the
video sequence, thus providing the audio-visual stimulus at the
desired SNR level. Six audio conditions are considered in our
experiments, namely the original clean database audio at 19.5
dB, and five noisy conditions corresponding to SNRs of ap-
proximately 14.5, 13.5, 9.0, 5.0, and -0.5 dB (computed over
the sequences presented to the listeners at each condition).

Initially, we consider human speech perception at the -0.5
dB condition. Fourteen human listeners are presented with up
to 15 sequences each, chosen at random from the available pool
of 50 database utterances. Each subject listens first to up to
three repetitions of the noisy audio-only sequence and is asked
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Figure 2: Automatic recognition and human perception of
audio-only and audio-visual speech for various SNRs. HiLDA
feature fusion and matched training are used in the former.

to transcribe it on paper. Next, the subject is asked to transcribe
the utterance again, but after being presented with up to three
repetitions of the noisy audio-visual sequence. A total of 194
audio-only and their 194 corresponding audio-visual sequences
are transcribed at the -0.5 dB SNR condition by the 14 subjects.
The transcriptions are corrected for obvious spelling errors, en-
tered into a computer, and compared to the actual utterance tran-
scriptions to compute the human word error rate (deletions, in-
sertions, and substitutions are taken into account). For the 194
sequences transcribed, the human audio-only WER is 56.0%
(per-subject WER varies from 45.9% to 81.7%), whereas the
audio-visual WER is reduced to 37.8% (varying between 23.0%
and 70.4%). All 14 subjects improve speech intelligibility us-
ing the visual modality, by as much as 57% relative, and by a
cumulative 33% relative (see also Fig. 2).

Next, we consider human speech perception at the remain-
ing five SNR conditions within the[5:0;19:5] dB interval. For
this study, we use 10 human listeners, and 30 utterances, cho-
sen out of the original set of 50, which we partition into six
5-utterance blocks. We then assign two such 5-utterance blocks
to each of our 10 subjects. Each subject first listens to the audio-
only sequences of the first assigned block, for each of the five
audio conditions, moving from lower to higher SNRs.1 Next,
each subject is shown the audio-visual sequences of the second
assigned block, again at all five SNRs. Each stimulus is pre-
sented up to three times, and the subject is asked to transcribe
the utterance at each condition. The resulting human audio-
only and audio-visual WERs at each SNR are depicted in Fig. 2
(dash-lines). Clearly, the visual modality significantly helps hu-
man perception for all audio conditions considered. Notice,
that an effective SNR gain of 6 dB is observed compared to
the audio-only performance at 10 dB.

5. Machine versus human performance
A comparison of automatic and human perception of audio-
visual speech is depicted in Fig. 2. Surprisingly, audio-only
human WER in the clean condition is quite close to machine
audio-only WER. This is unexpected, as human WER is known

1The sequence of stimulus presentation is designed to expose the
listener to the less informative condition first, and, subsequently, to pro-
gressively more information.
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to be typically an order of magnitude less than machine WER,
for a large number of audio-only recognition tasks [12]. This
discrepancy is possibly due to the complex lexical content of
the sequences used in the human perception experiment (many
relatively unknown proper names and little linguistic context),
the fact that 30% of the human listerers used are non-native
speakers, and possible side-effects from transcribing lower SNR
utterances first. For noisy audio, human WER degrades more
slowly than in ASR (notice the use of FMN and matched train-
ing for the latter). This is a well-documented fact in the liter-
ature [12], where typically less extreme noise conditions than
speech-babble are considered.

When adding the visual modality, both humans and ma-
chines benefit in recognizing speech. The effective SNR gains
for both are approximately equal to 6 dB, when compared to the
audio-only performance at 10 dB. However, our experiments
demonstrate that the relative gains in improved WER differ at
low and high SNRs. Humans make good use of the visual
modality at both high and medium SNRs, as indicated by the
high relative WER reduction in these conditions. However, for
extreme noise conditions, such as speech-babble at 0 dB, the
relative gain diminishes. In contrast, the visual modality benefit
to automatic speech recognition is minimal at high SNRs but
it continuously increases with decreasing SNR. Interestingly, at
approximately 4 dB, the automatic speechreading system out-
performs audio-only human speech perception. Fig. 2 indicates
that possibly the automatic speechreading system could even
achieve a lower WER than audio-visual human perception at
very low (sufficiently negative) SNRs.

A word of caution is warranted in these comparisons, as
our human speech perception experimental protocol has a num-
ber of shortcomings. Indeed, we considered single-speaker se-
quences for transcription by a small only number of human lis-
teners. More subjects in both sides of the experiment (database
speakers and human listeners) will benefit the generalization
and significance of our observations [17]. A more careful se-
lection of the database sequences to avoid “out-of-vocabulary”
words for humans, such as obscure proper names, will help
boost human recognition. Finally, motivating human listeners
to continuously pay attention, by for example rewarding high
transcription accuracy, might also be beneficial.

6. Conclusions and future work
We presented a comparison of machine and human perfor-
mance when recognizing large-vocabulary, continuous audio-
visual speech. We first considered audio-only and audio-visual
ASR at a variety of SNRs, using a large, speaker-independent
audio-visual database, suitable for LVCSR. Audio-visual results
were obtained by means of an automatic speechreading sys-
tem with a pixel based visual front end and audio-visual feature
fusion based on hierarchical LDA. This fusion algorithm was
shown to outperform plain feature concatenation for matched
training/testing. Next, we considered a simple human speech
perception experiment, where a small number of subjects were
asked to transcribe database audio-only and audio-visual utter-
ances, at various SNRs. The visual modality was demonstrated
to significantly improve recognition for both the machine and
humans, amounting to an effective SNR gain of approximately
6 dB, at the audio SNR reference of 10 dB. However the pat-
terns of the visual benefit differ between humans and machines
at low and high SNRs. Our experiments indicate that the au-
tomatic system benefits the most at low SNRs, with its rela-
tive WER improvement continuously increasing with decreas-
ing SNR, reaching up to 46% relative at -1.6 dB. In contrast,

humans seem to benefit relatively more at high and medium
SNRs. Finally, at a sufficiently low SNR level (below 4 dB),
audio-visual automatic recognition outperforms audio-only hu-
man perception, thus achieving “super-human” performance.

Of course, the human speech perception study in this work
is somewhat limited, for a number of reasons discussed in Sec-
tion 5. In the near future, we plan to correct these shortcomings,
and to also compare automatic and human recognition of audio-
visual speech in additional domains, such as small-vocabulary
connected-word tasks.
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