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ABSTRACT large-vocabulary, continuous speech recognit{btCSR)

We investigate the use of visual, mouth-region informatioﬁomaIn (8], [9]
in improving automatic speech recognition (ASR) of theThe use of visual speech information is of particular impor-
speech impaired. Given the video of an utterance by suthnce to thenearing impaired Deaf people can speechread
a subject, we first extract appearance-based visual featutesll, and possibly better than the general population [10].
from the mouth region-of-interest, and we use a feature fUrurthermore, mouth movement plays an important role in
sion method to combine them with the subject’s audio feasoth sign language and simultaneous communication be-
tures into bimodal observations. Subsequently, we adagVeen the deaf [11]. It is plausible that such visual speech
the parameters of a speaker-independent, audio-visual hidformation can be recognized by an automatic system, thus
den Markov model, trained on a large database of hedielping transcribe speech produced by the hearing impaired,
ing subjects, to the audio-visual features extracted from th#nd improving accessibility and communication for the deaf.
speech impaired videos. We consider a number of speaker | . . . . .
adaptation techniques, and we study their performanceli'ﬂ this paper, we are interested in automaﬂcally_recqgmzmg
the case of a single speech impaired subject uttering Cow_outh.mqvements as they are geperated d.ummmr.ed
eeclin simultaneous communication by subjects with pro-

tinuous read speech, as well as connected digits. For b d hearina | during th od of ¥
tasks, maximum-a-posteriori adaptation followed by maxi-ounad hearing loss during the period of normalianguage ac-

mum likelihood linear regression performs the best, achie\%u's't'on’ and in augmenting alitomatic recognition of im-

ing a word error rate relative reduction of 61% and %%pawed speech by such visual information. This of course

respectively, over unadapted audio-visual ASR, and a 139 rresponds to the traditional automatic speechreading task
! ' , with the main difference being the severely degraded

and 58% relative reduction over audio-only speaker-adapt . . .
0 ysb P ature of the audio channel speech information. One how-

ASR. In addition, we compare audio-only and audio-visu . ) AN
fg r hopes that the visual speech information is significantly

speaker-adapted ASR of the single speech impaired sub T . .
té)ASR of su%jects with normal Speeﬁh over gwide ranagss degraded, benefiting impaired ASR possibly more than
' the normal speech case.

of audio channel signal-to-noise ratios. Interestingly, for th&
small-vocabulary connected digits task, audio-visual ASRo study the use of visual speech information in ASR for
performance is almost identical across the two populationthe speech impaired, we collect audio-visual speech by a
single such subject, uttering continuous read speech (large-
1. INTRODUCTION vocabulary) and connected digit strings (small-vocabulary
task). We then employ the automatic speechreading system
Visual information in the speaker’s mouth region is knowmnreported in [9] to extract audio-visual features from the sub-
to benefit both humaspeech perceptiofi] andautomatic ject video sequences, and we uskidden Markov model
speech recognitiofASR) [2]. Indeed, the visual modal- (HMM) classifier [12] to automatically recognize speech
ity role in speech intelligibility in noise has been quantifiecdbased on such features. Due to the small amount of im-
as early as in 1954 [3], whereas the fusion of audio anplaired speech data (insufficient to reliably train HMMs), we
visual stimuli by humans has been shown by keGurk usespeaker adaptatioof HMMs, that have been trained
effect[4]. More recently, incorporating visual information on an appropriate speaker-independent, large-vocabulary
in ASR systems (also known asitomatic speechreadifg audio-visual database of subjects with normal speech, to
has resulted in improved speech recognition in a variety dhe impaired speech audio-visual data. Speaker adaptation
audio channel conditions and for a number of recognitiois traditionally used in practical audio-only ASR systems
tasks, initially limited to isolated or connected words [5]-to improve speaker-independent system performance, when
[7], and later demonstrated in tepeaker-independe(®l), little data from a speaker of interest are available [13]-{15],
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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 &11. Audio- and Visual-Only Features
[16]. Various algorithms exist for HMM parameter adapta-
tion, such asnaximum-a-posterio(MAP) adaptation [13], Given an utterance, video, audio- and visual-athticfea-
[14], and maximum likelihood linear regressigfMLLR)  tures are first extracted. The former ones, denotegib\e
[14], [15]. In this work, we consider both methods, and wer™» | consist of 24 mel-frequency cepstral coefficients, com-
demonstrate that their combination outperforms either onputed over a sliding window of 25 msec, at a rate of 100 Hz,
Furthermore, we investigate feature level (front end) adagellowed by the application ofeature mean normalization
tation. We report that audio-visual adaptation significantlyFMN) [12]. To extract static visual features, a statistical
improves automatic impaired speech recognition over boface tracking algorithm is first used to detect the speaker’s
audio-only adapted, as well as audio-visual unadapted ASRce and estimate the mouth location and size [17]. Based
for both large- and small-vocabulary tasks considered. lon these, a size-normalized, x 64 pixel region-of-interest
addition, a comparison of audio-visual ASR between im¢(ROI) is obtained for every video frame at 60 Hz, contain-
paired and normal speech reveals almost identical perfang the speaker's mouth. Subsequently, a two-dimensional,
mance on the connected digits task. separablediscrete cosine transforDCT) is applied to the

) ) ] ROI, and the 24 highest-energy DCT coefficients are re-
The paper is structured as follows: Section 2 reviews the akined as features. To facilitate audio-visual fusiimear
tomatic speechreading system used to extract aUdiO‘ViSLi'ﬁﬂerpolationis employed to obtain visual features, time-
features and to recognize speech. Section 3 is devoted toé%chronous to the audio ones at 100 Hz. Finally, FMN
overview of the speaker adaptation techniques, employedilsed to compensate for lighting variations, providing the
this paper to improve audio-visual ASR of the speech imgnq) visual-only static featureg"’€ R™ (see Figure 1).
paired. Section 4 describes the audio-visual databases, and

Section 5 reports our experimental results. Finally, Sectiorp obtaindynamicaudio- and visual-only featureg, (s =

6 summarizes the paper. A V) consecutive static feature vectors are concatenated into
vectors
() _ [y T (5) T (5)T T
Xt - [yt—LJs/QJ""’yt 7"'7yt+|'Js/2'|_1] ) (l)

2. AUTOMATIC SPEECHREADING of dimensiond; = Js;ns. Subsequently, vectors (1) are

projected onto a loweD,-dimensional space by means of
Various automatic speechreading systems have appearedilinear discriminant analysigLDA) [9] based projection
the literature over the last two decades. Three main fagnatrix PL(S?\, that improves discrimination among a set of
tors differentiate such systems [5]: (a) The choice of Viclasses of interest, (here, the HMM states; see also (5)).
sual features (mouth regi@ppearanceersusshapebased The resulting vectors are further “rotated” by means of a
features); (b) The integration of audio and visual featuresaximum likelihood linear transformatigMLLT) [9] ma-
into a bimodal speech classifidedtureversusdecisionfu-  ix Pnﬁi)m , that improves data maximum likelinood mod-
sion); and (c) The speech classifier considered (an HMMjing, under the assumption of data class-conditional Gaus-
versus a neural network based system, for example). Yjan probability densities with diagonal covariances. The
this work, we use the automatic speechreading system igya| audio- and visual-only features of dimensibg are
ported in [9], that employs mouth region appearance based (s) (s) (5) _(s)
visual features, hierarchical discriminant feature fusion, and 0y = Puir Ppax,”, where s =A V. (2)
HMMs for speech classification (see also [8]). The systexaluesn, =24, J,=9, D,=60, andn, =24, J,=15,

is briefly described below. Dy=41, are used [9].
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2.2. Audio-Visual Feature Fusion observations of the particular speaker. Two popular algo-
o o ] rithms for speaker adaptation are maximum likelihood lin-
The joint, concatenated audio-visual feature vector is ear regression (MLLR) [14], [15] and maximum-a-posteriori
o™ = [0 T 0™ T € RPav | (3) adaptation (MAP) [13], [14]. MLLR obtains a maximum
whereD,, = D, + D = 101. To achieve dimensionality likelihood estimate of éinear transformatiorof the HMM

reduction, vectors (3) are projected onto a lower-dimensiorfgfans, while leaving covariance matrices, mixture weights,

space by means of a second stage of LDA and MLLT givin@”d transition probabilities unchanged, and it provides suc-
rise to the final audio-visual features cessful adaptation with a small amount of adaptation data

O™P) (rapid adaptation). On the other hand, MAP fol-

_ (AV) (AV) _ (AVc) D
_ o= Puir Ppil 07 € R, ) Jows the Bayesianparadigm for estimating the HMM pa-
of dimensionD = 60. rameters, giverO“? . MAP estimates of HMM parame-
ters slowly converge to their EM-obtained estimates as the
2.3. Audio-Visual Speech Modeling amount of training (here, adaptation) data becomes large,

however such a convergence is slow, and, therefore, MAP is
The generation of a sequence of features (4) is modeled byt suitable for rapid adaptation. In practice, MAP is often
asingle-streanHMM, with emission(class conditional ob- used in conjunction with MLLR [14].
servation) probabilities [12], given by

K-
PT[Ot|C] :chk/\/p(ot;mck,sck), (5) 3.1. MLLR Adaptation

k=1
andtransitionprobabilitiesa, = {Pr[c'|c"], ¢, c"eC}. LetP be apartition (obtained byK-means clustering [12],
The HMM parameter vector is therefore for example) of the set of all Gaussian mixture components
a=[ay, (Wep,Meg,Sck), k=1,..Kc,ceC], (6) of HMM (5), and letp € P denote any member of this par-

tition. Then, we seek MLLR adapted HMM parameters
wherec € C denote the HMM context dependent states P P

. . . . (MLLR) __ (MLLR)
(classes), mixture weights. ; are positive adding to one, 2 =[au, (Wee,mg scr),
K. denotes the number of mixtures, ané (o;m,s) is k=1,.,Kc,ceC], (8)
the D-variate normal distribution with meam and a diag- where the HMM means are linearly transformed as
onal covariance matrix, its diagonal being denotedshby m " = W, [1,m},]", (9)
To obtain estimates of (6), we are given, let's shgudio- where(c, k) €p, andW,,, p=1,...,|P| are matrices of di-
visual observation training sequend@s’ = o, ;,...,0,, ;] mensionD x (D +1). The transformation matrices are es-

of durationTj}, i = 1,...,I, with the entire training set ob- timated on basis of the adaptation dé&@"’[15], by means
servations being denoted 6y =[0¢...,0"]. Let us also of the EM algorithm solving, similarly to (7),

dgnote byc(i) any HMM state sequence for.l_Jtterarﬁ:e a®i® = aromax Q(a®Ya|OAD)). (10)
Given two HMM parameter vectorg a’’, theauxiliary func- a satisfy (8), (9)

tion for theexpectation-maximizatiqEM) algorithm is [12] Closed form solutions for the unknown matrices exist, if the

I HMM covariances are diagonal [15].
Q(a,a"|0) =) "> " Pr0¢c(i)[a’ |log PrlO%c(i)[a"].
i=1c(i

Then, given a curr((ar)n HMM parameter vector at iteragion 3.2. MAP Adaptation
a”), we obtain a re-estimated parameter vector [12]
@) Our MAP implementation is similar to thepproximateMAP

adaptation algorithm (AMAP) [14]. AMAP interpolates the
In this paper, we use 3 iterations of (7) when training speak&tounts” of the speaker-independent training data and the
independent HMMs, or in MAP adaptation (see Section 3.23daptation data. 1D®? denotes the training data obser-
vations for the SI HMM, and*"’ denotes the adaptation
data, we obtain the training da of the adapted HMM as

a¥*t" = argmax@(a”, a|0).
a

3. AUDIO-VISUAL SPEAKER e
ADAPTATION 0 =[0"",0"...., 0™ ]. (11)
n times
Given few bimodal adaptation da@“™ from a particular Then, (7) is used to estimate the adapted HMM parameters,
speaker, and a baseline speaker-independent (SI) HMM &)*4". HMM parameters of all mixtures are adapted, pro-
with parametera®" (see (6)), we wish to estimate adapted/ided the adaptation data contain instances of the mixture
HMM parametersa»™ that better model the audio-visual component in question. Here, we use= 15, in (11).
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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
- . . training. The resulting HMMs have been adapted to both
In qddltlon to adapting HMM parameters to a partlcuIaLVCSR and DIGITS speech impaired tasks, using either the
subject, one may seek tq adapt t_he fro_nt end to better C_aﬂieech impaired LVCSR and DIGITS adaptation sets alone,
ture the speech information of this subject. For the audi )t jointly. The adapted HMM performances are computed
visual front end pre;ented in _Section 2, a simple form gin the speech impaired LVCSR and DIGITS test sets, with
front.end adaptapoms to re-e;tlmate the(sI;DA ?Sd MLLT a number of adaptation technigues evaluated. Comparisons
matrices of the single-modality featurd®,, , , Pucir, fOr ot the adapted HMMs to normal condition ASR are also per-
s = A,V (see (2)), and/or the audio-visual feature LDA angqrmeq. For faimess, normal speech recognition results are
MLLT matricesPi5 , Piin (see (4)). Here, we simply reported after per subject MLLR adaptation of the speaker-
compute such matrices using the combination of Speak‘?ﬁ'dependent LVCSR trained HMM, or, in the case of the
independent and adaptation data, given by (11). HMM pay|GTS task, of themulti-speaketHMM, trained on a re-

rameters for the adapted front end, denotead®y* ****, oy collected 50-subject, connected digits database (see
are then estimated using (7) on training data (11). Table 1).

All audio-visual data contain full-face frontal video, cap-
4. THE DATABASE AND EXPERIMENTAL tured in color, at a size df04 x 480 pixels, interlaced, at a

FRAMEWORK rate of 30 Hz (60 fields per second are available at a resolu-

To investigate automatic speechreading performance fortHgn of 240 lines), and MPEG2 encoded at a 50:1 compres-

speech impaired, we have collected audio-visual speech d jan ratio. Wideband audio is synchronously collected with

of a single speech impaired male subject with profound hedft® V|deo_ at a rate Qf 16 k.HZ in an office environment at a
ing loss during the period of normal language acquisitior%g'5 dBsignal-to-noise rati¢SNR).

We are interested in audio-visual ASR performance for this

subject on both large- and small-vocabulary tasks, therefore 5. EXPERIMENTS

two sets of data have been collected (see also Table 1): Ap-

proximately 22 minutes (100 utterances) of continuous reaffe first consider a number of speaker adaptation techniques,
speech using Viavoidé! dictation scripts (LVCSR task) discussed in Section 3, for adapting speaker-independent
and about 14 minutes of connected digits strings (140 uttesiudio-, visual-only, and audio-visual HMMs trained on the
ances of 7 to 10 digits each - DIGITS task). Close to half ofiormal speech LVCSR audio-visual data (see Table 1). For
the collected data have been set aside for testing. each method, the resultingord error rate (WER), %, on

As discussed in the introduction, the amount of collectef'® Speech impaired LVCSR and DIGITS test sets is re-
data is not adequate to train speaker-dependent HMMs. \R@rted in Table 2. Clearly, the mismatch between the normal
have therefore chosen to adapt previously trained, speak@Rd impaired speech data is dramatic, as the “Unadapted

independent HMMs to the impaired data. Such HMMs havtable entries demonstrate. Indeed, the audio-visual WER in
been trained using the EM algorithm (see (7)) on the I1BMN€ LVCSR task reach&d.06.0% (such large numbers oc-

ViaVoice™ audio-visual database [8], which contains con€Ur due to word insertions), whereas the audio-visual WER

tinuqus read normal _speech with a10.5 K Word vocabulary. 1p impaired speech LVCSR results are reported based on decoding
In this paper, approximately 35 hours of this database, coith the 537 word test set vocabulary, unless stated otherwise.
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| Method [ AU [ VI [ AV | 0

Unadapted 116.022[136.359]106.014 %0} .
L | MLLR (LVCSR-only) | 52.266|109.834| 42.652 sl rommoe T |
V| MLLR 52.044(110.166| 42.873
C| MAP 52.376(101.215| 44.199 70} AVAMP105K 1
S| MAP+MLLR 47.624| 95.027| 41.216 6olo oo ]
R | Mat+MAP 52.928| 98.674| 46.519| & TTTee e aymposk Y

Mat+MAP+MLLR 50.055| 93.812| 41.657] § >/ "~ e

Unadapted 52.381| 48.016| 24.801 ao0f e
D | MLLR (DIGITS-only)|| 5.159| 14.881| 2.182 sofo- i punommns ]
| | MLLR 3.770| 16.667| 0.992 (s S S SR
G| MAP 3.373| 12.103| 1.190 27 AVNORMAOSK™ ™ =0= ~ [ T - o ]
| | MAP+MLLR 2.381| 10.516| 0.992 100 e hin
T | Mat+MAP 3.968| 8.730| 1.190 S I S S R R S S
S | Mat+MAP+MLLR 2.381| 8531| 0.992 ¢ 6 8 w0 g W B s 2

Table 2: Audio- (AU), visual-only (VI), and audio-visual (AV) Figure 2: Comparison of audio-only (AU) and audio-visual (AV)
word error rate, %, on the continuous speech (LVCSR) test s@ttomatic speech recognition of impaired (IMP) and of normal
(uppertable) and on the connected digits (DIGITS) test katér speech (NORM), after MLLR adaptation, in the continuous, read
table) of the speech impaired data using unadapted HMMs (trainé@€ech (LVCSR) domain. The word error rate (WER), %, on the
in normal speech), as well as a number of HMM adaptation meti§orresponding test set (see Table 1) is depicted as a function of
ods. All HMMs are adapted on the joint speech impaired LVCSHENe signal-to-noise ratio (SNR) present in the audio charSwid

and DIGITS adaptation sets, unless stated otherwise. For the cdif€s: WER for the speech impaired subject, decoded using a 10.5

tinuous speech results, decoding using the test set vocabulary*oivord vocabulary. Dash lines: Speech impaired subject WER,
537 words is reported. decoded using the test set 0.5 K vocabul&gsh-dot lines:Nor-

mal speech, per subject adapted WER, decoded using the 10.5 K
word vocabulary.
in the DIGITS task is 24.8% (in comparison, the normal

speech, per subject adapted audio-visual LVCSR WER f§sponds to a 61% and 96% relative WER reduction over
10.2%, and the audio-visual DIGITS WER is only 0.55%the audio-visual unadapted results, and to a 13% and 58%

computed on the test sets of Table 1). relative WER reduction over the audio-only MAP+MLLR
adapted results, for the two recognition tasks, respectively.

Subsequently, we apply MLLR HMM adaptation (see (10)kjearly, therefore, the visual modality dramatically benefits
using the speech impaired LVCSR and/or DIGITS adagye automatic recognition of impaired speech.

tation tests. Audio-, visual-only, and audio-visual perfor-

mances improve dramatically, as demonstrated in Table /& @lso apply front end adaptation (Section 3.3), possibly
It is interesting to note that adaptation on joint LVCSR andellowed by MLLR adaptation, with the results depicted
DIGITS data does help the audio-only performance, how! the Mat+MAP(+MLLR) entries of Table 2. Although
ever hurts the visual-only results, possibly due to the fa¢iSual-only recognition improves, the audio-only recogni-
that visual features are less robust to data variability (sudipn results fail to do so. As a consequence, audio-visual
as lighting and pose) than audio features. As a result, audidSR degrades, possibly also due to the fact that, in this ex-
visual performance does notimprove consistently, when cftiment, audio-visual matrix adaptation is only applied to
paring within-set (LVCSR or DIGITS) and across-sets (join{h® seécond stage of LDA/MLLT. Itis worth mentioning that
LVCSR and DIGITS) MLLR adaptation. Nevertheless, inthe resulting speaker-adapted visual-only impaired speech

all remaining experiments, the speaker-independent LvcgiReognition WER of 93.8% in the LVCSR task (this be-

HMMs are adapted on the joint adaptation set. Next, we®Mes 97.2%, when using the 10.5 K word vocabulary) is

consider MAP HMM adaptation (see Section 3.2). Due t4/0rse than the normal condition visual-only 89.2% WER,
the rather large adaptation set, MAP performs similarly weffOWeVer in the DIGITS task, the 8.53% impaired speech
to MLLR. Applying MLLR after MAP improves results visual-only WER is significantly better than the normal con-
and it reduces the audio-visual WER to 41.2% and 0.994}tion 16.77% WER.

for the LVCSR and DIGITS tasks, respectivélyrhis cor- In addition to the adaptation experiments using the original
database audio (at 19.5 dB SNR), we consider audio-only

2Notice that the LVCSR MAP+MLLR audio-, visual-only, and audio-
visual results become 64.6%, 102.4%, and 58.5%, respectively, when usitg 10.5 K word decoding vocabulary.
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A word of caution is warranted about our conclusions, due
to the fact that data from a single speech impaired subject
have been collected and used in our experiments. We plan
to investigate the generalization of these results to a larger
speech impaired population in the near future.
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Figure 3: Audio-only and audio-visual ASR performance on im-[°]
paired 6olid lineg and on normaldash-dot linesspeech for the
connected digits (DIGITS) task, depicted in WER as a function Of6]
the audio channel SNR. Per subject MLLR adaptation is used.

and audio-visual recognition for the LVCSR and DIGITS(7]
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 recodf!
nition are compared, with all HMMs and LDA/MLLT ma-
trices trained at thenatchedcondition 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. Interestinglyl9]
for the DIGITS task, speech impaired audio-visual ASR
performance is very close to audio-visual ASR of norm
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 spedth]
information, and, as a result, speech impaired audio-visual
ASR is significantly worse than LVCSR of subjects with[lz]
normal speech.

(13]

6. CONCLUSIONS AND FUTURE WORK

We investigated the use of machine speechreading to im-
prove automatic speech recognition of the speech impairéc'!lf1
We considered both a small- (connected digits) and a large-
vocabulary recognition task, and we applied HMM and fron[t15]
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 f
the small- and large-vocabulary tasks, respectively. For the
former task, audio-visual recognition of impaired speecfy7]
reached the recognition performance of normal audio-visual
speech, over a wide range of audio channel SNRs.
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