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Abstract: This article discusses the automatic recognition of Cued Speech in French based on hidden
Markov models (HMMs). Cued Speech is a visual mode which, by using hand shapes in different
positions and in combination with lip patterns of speech, makes all the sounds of a spoken language
clearly understandable to deaf people. The aim of Cued Speech is to overcome the problems of
lipreading and thus enable deaf children and adults to understand spoken language completely. In the
current study, the authors demonstrate that visible gestures are as discriminant as audible orofacial
gestures. Phoneme recognition and isolated word recognition experiments have been conducted using
data from a normal-hearing cuer. The results obtained were very promising, and the study has been
extended by applying the proposed methods to a deaf cuer. The achieved results have not shown any
significant differences compared to automatic Cued Speech recognition in a normal-hearing subject. In
automatic recognition of Cued Speech, lip shape and gesture recognition are required. Moreover, the
integration of the two modalities is of great importance. In this study, lip shape component is fused
with hand component to realize Cued Speech recognition. Using concatenative feature fusion and
multi-stream HMM decision fusion, vowel recognition, consonant recognition, and isolated word
recognition experiments have been conducted. For vowel recognition, an 87.6\% vowel accuracy was
obtained showing a 61\ % relative improvement compared to the sole use of lip shape parameters. In
the case of consonant recognition, a 78.9\% accuracy was obtained showing a 56\ % relative
improvement compared to the use of lip shape only. In addition to vowel and consonant recognition, a
complete phoneme recognition experiment using concatenated feature vectors and Gaussian mixture
model (GMM) discrimination was conducted, obtaining a 74.4\% phoneme accuracy. Isolated word
recognition experiments in both normal-hearing and deaf subjects were also conducted providing a
word accuracy of 94.9\% and 89\%, respectively. The obtained results were compared with those
obtained using audio signal, and comparable accuracies were observed.
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1. Introduction The main reason for this lies in the ambiguity of the visuat pa
tern. However, as far as the orally educated deaf people are
To date, visual information is widely used to improve concerned, the act of lipreading remains the main modafity o
speech perception or automatic speech recognition (imga  perceiving speech.
(Potamianos et al., 20-03)' Wit-h lipreading technique,. spee To overcome the problems of lipreading and to improve the
can be understood by interpreting the movements of lips; fac eading abilities of profoundly deaf children, Cornett (Geit,

dt | ken | , ticular facial and li )
and fongue. 'n spoxen fanguages, a particuiar facia’ an I3967) developed in 1967 the Cued Speech system to comple-

h ds t ifi d (ph . H
tshigpr(eezlggtr)rr?ssﬁigr}ssn; 3:5?;_'0'?,953% rrfgn;jnpehn(;?em eg\/\slﬁ\;fgent the lip information and make all phonemes of a spoken
the same facial and lip shape (visemes). It is impossibéeth anguage clearly visible. As many sound_s look i(jentical on

fore to distinguish phonemes using visual information alon ;%Cui::jp: ((:Z.r?.gg/c;ié %/r;;lﬂgégé)’al:sj'rl%l?sr:g;ﬂ;oggzgmg}gfzeaf

Without knowing the semantic context, one cannot perceiv . i
the speech thoroughly even with high lipreading perforneanc peaple to completely understand a spoken language using vi-
sual information only.

To date, the best lip readers are far away into reaching perfe
tion. On average, only 40 to 60% of the vowels of a given lan- Cued Speech (also referred to as Cued Language (Fleetwood
guage (American English) are recognized by lipreading (Mon and Metzger, 1998)) uses hand shapes placedtfi@rdnt posi-
gomery and Jackson, 1983), and 32% when relating to low preions near the face along with natural speech lipreadingto e
dicted words (Nicholls and Ling, 1982). The best result ob-hance speech perception from visual input. This is a system
tained amongst deaf participants was 43.6% for the averagehere the speaker faces the perceiver and moves his hand in
accuracy (Auer and Bernstein, 2007; Bernstein et al., 2007lose relation with speech. The hand, held flat and oriented

Preprint submitted to Speech Communication. Special leaugpeech and Face to Face Communication March 2, 2010
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Figure 1: Hand shapes for consonants (top) and hand poghiattom) for
vowels in French Cued Speech.

ing results were obtained. In addition, the proposed meth-
ods were applied to a deaf cuer and similar results were ob-
tained compared with automatic recognition of Cued Sperch i
normal-hearing subjects.

In the first attempt for vowel recognition in Cued Speech, in
(Aboutabit et al., 2007) a method based on separate identific
tion, i.e., indirect decision fusion was used and a 77.6%elow
so that the back of the hand faces the perceiver, is a cue thé&curacy was obtained. In this study, however, the proposed
corresponds to a unique phoneme when associated with & pgfrethod is based on HMMs and uses concatenative feature fu-
ticular lip shape. A manual cue in this system contains tWasjon and multi-stream HMM decision fusion to integrate the
components: the hand shape and the hand position relative gmponents into a combined one and then perform automatic
the face. Hand shapes distinguish among consonant phonemggognition. Fusion (Nefian et al., 2002; Hennecke et aB19
whereas hand positions distinguish among vowel phonemes. Agjoudani and Benoit, 1996) is the integration of all aahie
hand shape, together with a hand position, cues a syllable.  gingle modality streams into a combined one. In this stugy, |

Cued Speech improves the speech perception of deaf peopdiape and hand components are combined in order to realize
(Nicholls and Ling, 1982; Uchanski et al., 1994). Moreover,automatic recognition in Cued Speech for French.
for deaf people who have been exposed to this mode since their
youth, it dfers a complete representation of the phonological
system, and therefore it has a positive impact on the largguag. M ethodology
development (Leybaert, 2000). Fig. 1 describes the complet
system for French. In French Cued Speech, eight hand shapgﬁ' Cued Speech Materials
in five positions are used. The system was adapted from Amer-
ican El’lgllsh to French in 1977. To date, Cued Speech has beenThe data for Vowel_’ Consonant_’ and phoneme recogni_

adapted in more than 60 languages. tion experiments were collected from a normal-hearing.cuer

Another widely used communication method for deaf indi-The female native French speaker employed for data record-
viduals is the Sign Language (Dreuw et al., 2007; Ong and Raring was certified in transliteration speech into Cued Spéech
ganath, 2005). Sign Language is a language with its own gramhe French language. She regularly cues in schools. The cuer
mar, syntax and community; however, one must be exposed t@ore a helmet to keep her head in a fixed position and opaque
native andor fluent users of Sign Language to acquire it. Sinceglasses to protect her eyes against glare from the halogsth flo
the majority of children who are deaf or hard-of-hearingéhav light. The cuer’s lips were painted blue, and blue marks were
hearing parents (90%), these children usually have limdted marked on her glasses as reference points. These corstraint
cess to appropriate Sign Language models. Cued Speech isnere applied in recordings in order to control the data and fa
visual representation of a spoken language, and it was -devetilitate the extraction of accurate features (see (Abdtilal.,
oped to help raise the literacy levels of deaf individualse@ view) for details). The data were derived from a video reeord
Speech was not developed to replace Sign Language. In faghg of the cuer pronouncing and coding in Cued Speech a set
Sign Language will be always a part of deaf community. Onof 262 French sentences. The sentences (composed of low pre-
the other hand, Cued Speech is an alternative communicatiaficted multi-syllabic words) were derived from a corpusttha
method for deaf individuals. By cueing, children who arefdeawas dedicated to Cued Speech synthesis (Gibert et al., 2005)
would have a way to easily acquire the native home languagé&ach sentence was dictated by an experimenter, and was re-
read and write proficiently, and communicate more easiljrwit peated two or three times (to correct the pronunciationrgyro
hearing family members who cue them. by the cuer resulting in a set of 638 sentences.

In the current study, the authors demonstrate that viskée g ~ The audio part of the video recording was synchronized with
tures are as discriminant as audible orofacial gesturemdthe the image. Fig. 2 shows the lip shape parameters used in the
recognition and isolated word recognition experimentsewer study. An automatic image processing method was applied to
conducted using data from a normal-hearing cuer, and promishe video frames in the lip region to extract their inner antto
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Figure 3: The three-step algorithm applied for lip shapegesture detection based on detection of blue objects.

contours and derive the corresponding characteristicnpara For isolated word recognition experiments two HMM sets
ters: lip width (A), lip aperture (B), and lip area (S) (i.six ~ were trained (deaf and normal-hearing). Fifteen repeistiof
parameters in all). each word were used to train 50, 6-state, whole word HMMs,
The process described here resulted in a set of temporalgnd 14 repetitions were used for testing. Eight and ten param
coherent signals: the 2D hand information, the lip width,(A) ters were used for lip shape and hand shape modeling, respec-
the lip aperture (B), and the lip area (S) values for both linnetively.
and outer contours, and the corresponding acoustic signal.  In automatic speech recognition, a diagonal covariance ma-
addition, two supplementary parameters relative to thenip-  trix is often used because of the assumption that the parame-
phology were extracted: the pinching of the upper lip (Bsup)ters are uncorrelated. In lipreading, however, paramsters/
and lower (Binf) lip. As aresult, a set of eight parameteralin  a strong correlation. In this study, a global Principal Comp
was extracted for modeling lip shapes. For hand position-modnent Analysis (PCA) using all the training data was applied t
eling, thexy coordinates of two landmarks placed on the handdecorrelate the lip shape parameters and then a diagonal co-
were used (i.e., 4 parameters). For hand shape modelingythe variance matrix was used. The test data were then projected
coordinates of the landmarks placed on the fingers were usdgto the PCA space. All PCA lip shape components were used
(i.e., 10 parameters). Non visible landmarks receive de¢ad  for HMM training. For training and recognition the HTK3.1
ordinates [0,0]. toolkit (Young et al., 2001) was used.
During the recording of Cued Speech material for isolated
word recognition experiments, the conditions weré&edent
from the ones described earlier. The system was improved

excluding the use of a helmet by the cuer, enabling in this way gy consonant recognition, the correct hand shape is also re
the head movements during recording. The subject was seatggired. Instead of a deterministic recognition of the harape,
on a chair in a way to avoid large movements in the third di-5 propapilistic method is used based onxreoordinates of the
rection (i.e. towards the camera). However, the errors thagngmarks placed on the fingers (Fig. 3). The coordinates are
might occur have not been evaluated. In addition, the landgseq a5 features for the hand shape modeling. During the im-
marks placed on the cuer's fingers were dfefient colors in — a46 processing stage, the system detects the landmarkesdoca
order to avoid the hand shape coding and the finger identificasp, the cuer's fingers and their coordinates are computedeSin
t|on_(cf. section "ordering fmg_er 'a”dmarks)"j and thisped 1o |andmarks are of the same color, the system cannot assign
to simplify and speed up the image processing stage. In thesfe coordinates to the appropriate finger in order to be used ¢
recording sessions, a normal-hearing cuer and a deaf cuer Weectly (i.e. correct order) in the feature vectors. To dethie
employed. The corpus consist_ed of 1450 isolated words with 54 shape is automatically recognized a-priori, and tfa-in
each of 50 words repeated 29 times by the cuers. mation obtained is then used to assign the coordinates to the
) ) appropriate finger.

2.2. Lip shape and hand components modeling In French Cued Speech, recognition of the eight hand shapes
In the phoneme recognition experiments, contextis considered exceptional. In fact, a causal analysis based
independent, 3-state, left-to-right, no-skip-phoneme M8V some knowledge, such as the number and dispersion of fingers
were used. Each state was modeled with a mixture of 32nd also the angle between them, can distinguish those eight
Gaussians. In addition to the basic lip and hand parametersand shapes. Based on the number of landmarks detected on
first- (A) and second-order derivativesA) were used as well. fingers, the correct hand shape can be recognized. In Fige 1 th

For training and test, 426 and 212 sentences were usedcresp@and shapes were numbered from left to right (i.e, S1-S&. Th

tively. The training sentences contained 3838 vowel and.440proposed algorithm to identify the Cued Speech hand shapes i
consonant instances, and the test sentences contained 1%S3follows:

vowel and 2155 consonant instances, respectively. Vowels a
consonants were extracted automatically from the data afte e Number of fingers on which landmarks are detectet],
forced alignment was performed using the audio signal. then the hand shape is S1.

b%.& Ordering finger landmarks



whereOM is the joint lip-hand feature vecta®{" the lip shape
feature vectorOEH) the hand feature vector, amdthe dimen-
sionality of the joint feature vector. In vowel recognitiexper-
iments, the dimension of the lip shape stream was 24 (8 basic
parameters, &, and 8AA parameters) and the dimension of
the hand position stream was 12 ( 4 basic parametérsadd 4

AA parameters). The dimensi@nof the joint lip-hand position
feature vectors was, therefore 36. In consonant recogrete
periments, the dimension of the hand shape stream was 30 (10
Figure 4: Image of a Cued Speech cuer (left) and the projedtiethod (right).  basic parameters, 14 and 10AA parameters). The dimension

D of the joint lip-hand shape feature vectors was, therefdre 5

e Number of fingers on which landmarks are detected],

; 2.5. Multi-stream HMM decision fusion
then the hand shape is S4. ult ision fusi

Decision fusion captures the reliability of each stream, by

e Number of fingers on which landmarks are detectes, =~ combining the likelihoods of single-modality HMM classifie
then the hand shape is S5. Such an approach has been used in multi-band audio only ASR

. . (Bourlard and Dupont, 1996) and in audio-visual speechgeco

* Number of finger on Wh'Ch landmarks are detecﬁt_ae, _nition (Potamianos et al., 2003). The emission likelihodd o
then the han_d sh_ape IS .83 0r_S7. If the thumb finger 'Fulti-stream HMM is the product of emission likelihoods of
detecte_d (using finger dlspersmn_models) then the han ingle-modality components weighted appropriately bgasts
shape is S7, else the hand shape is S3. weights. Given th@© joint observation vector, i.e., lip shape and

o Number of finger on which landmarks are detecte@,  hand position component, the emission probability of multi
then the hand shape is S2 or S6 or S8. If the thumb finger istream HMM is given by

detected then the hand shape is S6, else the angle between S M

the two finger landmarks according to the landmarks on b;(Oy) = H[Z stmN(Ost;/ljsm,stm)]/lS 2)
the hand can identify if it is hand shape S2 or S8 (using a =1 me1

threshold).

whereN(O; i, X) is the value inO of a multivariate Gaussian
e Inany other case hand shape S0, i.e., no Cued Speech hawlh meanyu and covariance matrix, andS the number of
shape was detected. streams. For each streayMs Gaussians in a mixture are used,
o ) ) o . with each weighted witle;sm. The contribution of each stream
The quectlve of flnger_ldentlflcgnon stage (cf. sect|0n-_ Or is weighted byls. In this study, we assume that the stream
dering finger landmarks) is to assign the computed coorelénat weights do not depend on stat@nd timet, as happen in the

to the correct finger and, in this way, to have the correctordegenera| case of multi-stream HMM decision fusion. However,
in the feature vectors. The identification has been doner&eth 1. constraints were applied, namely

steps. In the first step, all landmarks in the frame were tiedec
The landmarks placed on the speaker glasses and on the backof 0<h, 4/ <1 and Ap+4 =1 3)

f[he hand were benched to have only the landmarks correspon\%here/lh is the hand position stream weight, andis the lip

Ing to the_ fingers. Secondly, thg coorglmates of these larkna shape stream weight. The HMMs were trained using maximum
were projected on the hand axis dgﬁned by thg two landmgrlﬁﬁ(elihood estimation based on the Expectation-Maxiniarat

on the back of th? hand. Thg third step congsted of sortngM) algorithm. However, the weights cannot be obtained by
the resulted coordinates following the perpendicular axiie maximum likelihood estimation. The weights were adjusted

hand direction from the smaller to the largest (Fig. 4). lis th to 0.7 and 0.3 values, respectively. The selected weights we

st.ep, the_ hand shape cod|_ng was used to associate each COMtained experimentally by maximizing the accuracy on held
dinate with the corresponding finger. For example, wheretherout data

were three landmarks coordinates and the hand shape number

was S3, the smallest coordinate was associated with thdenidd

finger, the middle one to the ring finger, and the biggest one t8- Experimentsand results
the baby finger. The coordinates of the fingers which are no,

present in a hand shape are replaced by a constant in order i . .
keep the same dimension of the feature vectors in the HMM To evaluate the previously described hand shape recognitio
modeling system, a set of 1009 frames was used and recognized automat-

ically. Table 1 shows the confusion matrix of the recognized
2 4. Concatenative Feature Fusion hand shapes by the automatic system. It can be seen thatthe au

The feature concatenation uses the concatenation of the sywmat'C system recognized correctly 92.4% of the hand shape

chronous lip shape and hand features as the joint featutervec on average. This score showed tha_t using only t_he 2D coordi-
nates of 5 landmarks placed at the finger extremities, the-acc

oM = o, o] e RP (1)  racy did not decrease drastically compared with the 98.8% of

(.)1. Hand shape recognition
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Figure 5: Cued Speech vowel recognition using only lip anthgarameters
based on concatenative feature fusion.
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Figure 6: Cued Speech vowel recognition using only lip anadhgarameters
based on multi-stream HMM decision fusion was used.
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3.2. Vowel and consonant recognition 8 27

Fig. 5 shows the vowel recognition results when concatena- 0

tive feature fusion was used. As shown, by integrating hand p
sition component with lip shape component, a vowel accuracy
of 85.1% was achieved, showing a 53% relative improvement
compared to the sole use of lip shape parameters.

Fig.

2 4 8 16
Gaussians per state

when multi-stream HMM decision fusion was applied. Usingters based on concatenative feature fusion.

32 Gaussians per state, an 87.6% vowel accuracy was obtained

32

6 shows the results achieved for vowel recognition Figure 7: Cued Speech consonant recognition using onlynliprend parame-

are comparable with the results obtained for vowel recammit
when using audio speech (e.g., (Merkx and Miles, 2005)).

integrated with hand shape component and consonant recogni
tion was conducted. For hand shape modeling xtheoordi-

results in better performance than a concatenative feéitire seq. In total, 30 parameters were used for hand shape model-
sion. To decide whether theftérence in performance between jng. For lip shape modeling, 24 parameters were used. Fig.
the two methods is statistically significant, the McNem&s 7 shows the obtained results in the function of Gaussians per
was applied (Gillick and Cox, 1989).The observed p-valus Wastate. It can be seen that when using 32 Gaussians per state, a
0.001 indicating that the fierence is statistically significant.  consonant accuracy of 78.9% was achieved. Compared to the
sole use of lip shape, a 56% relative improvementwas oldaine

Table 1: Confusion matrix of hand shape recognition evalnafderived for

(Aboutabit, 2007)

3.3. Phoneme recognition
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In the previous sections, it was reported théliedent types of
modeling were used for vowels and consonants. More specifi-
cally, for vowel modeling, fusion of lip shape and hand posit
components was used. For consonant modeling, fusion of lip
shape and hand shape components was used. As a result, fea-
ture vectors in vowel and consonant recognition are écént



lengths. The feature vectors for vowels have a length of 86 an O Lips M Lips+Hand
the feature vectors of consonants have a length of 54. This is
a limitation in using a common HMM set for phoneme recog-
nition. To deal with this problem, three approaches were pro
posed in order to realize phoneme recognition in Cued Speech
for French.

In the first approach, feature vectors with the same length
were used. At each frame, lip shape parameters, hand positio
parameters, and hand shape parameters were extracted durin
the image processing stage. For each phoneme, all parame-
ters were used in concatenated feature vectors with a lerigth
66 (i.e. 8 lip shape parameters, 4 coordinates for hand posi-
tion, 10 coordinates for hand shape, along with the first- and 1 5 4
second-order derivatives, as well). The obtained phoname a
curacy was as low as 61.5% due to a high number of confusions
between vowels and consonants. Although, phoneme recogr}i‘l’gure 8: Word accuracy for isolated word recognition in ¢ase of a normal-
tion in Cued Speech is aftlcult task, the obtained phoneme hearing subject.
accuracy was lower than expected. To obtain a performance
with higher phoneme accuracy fiirent approaches were also ) ) o
investigated. performed. Using eight GMMs, the discrimination accuracy

Cued Speech phoneme recognition was further improved b{as increased up to 89.3% for the vowels and up to 84.6% for
applying GMM discrimination. A vowel-independent and a he consonants. The achieved phoneme recognition was 74.4%
consonant-independent GMM models were trained using lifsl-€-» 80.3% vowel accuracy and 68.5% consonant accuracy).
shape parameters only. For training the two GMMs the correCompared to the use of two GMMs, a relative improvement of
sponding vowel and consonant data were used. For modeling2% was obtained. Compared with the use of the full set of
64 Gaussians were used. The number of Gaussians was selec9icatenated parameters, a relative improvement of 33886 w
experimentally on several experiments in order to achibee t achieved.
highest classification scores. Phoneme recognition wéigeda .
in a two-pass scheme. In the first pass, using the two GMMs3-4. ISolated word recognition
the nature of the input was decided. More specifically, the in  In this section, isolated word recognition experimenthiot
put and the two GMMs were matched. Based on the obtainedormal-hearing and deaf subjects are presented. In thpse-ex
likelihood, the input was considered to be vowel or constinaniments, the landmarks were oftiéirent colors in order to avoid
When the likelihood of the vowel-GMM was higher than that the hand shape recognition and the finger identificationestag
of the consonant-GMM, the decision was made for a vowelThe image processing system locates the landmarks, and the
When the consonant-GMM provided a higher likelihood, thecoordinates of each landmark are assigned to each finged base
input was considered to be a consonant. In the case of voweh the colors. Doing this, the feature vectors of hand shape
inputs, the discrimination accuracy was 86.9% and in the cascontains the coordinates of the landmarks in the correctrord
of consonant inputs the discrimination accuracy was 8115%. and the errors that occur during the hand shape coding are not
the second pass, switching to the appropriate HMM set toolccumulated into the recognition stage.
place, and vowel or consonant recognition was realizedgusin  Fig. 8 shows the results obtained in the function of several
feature vectors corresponding to the vowel modeling or gons Gaussians per state in the case of the normal-hearing auer. |
nant modeling, respectively. The obtained phoneme acguradhe case of a single Gaussian per state, using lip shape alone
was 70.9%. The obtained accuracies were lower than the aobtained a 56% word accuracy; however, when hand shape in-
curacies obtained in the separate vowel and consonant-recofgrmation was also used, a 92.8% word accuracy was obtained.
nition experiments, because of the discrimination errétb®  The highest word accuracy when using lip shape was 72%, ob-
first pass. The obtained result, however, showed a relative i tained in the case of using 4 Gaussians per state. In that case
provement of 24% compared to the use of concatenated featutiee Cued Speech word accuracy using also hand information
vectors. was 94.9%.

In the third appproach for phoneme recognition, instead Fig. 9 shows the obtained results in the case of a deaf cuer.
of two, eight GMM models (i.e. each one correspondingThe results show that in the case of the deaf subject, words we
to a viseme) were used. Three vowel-viseme GMMs andetter recognized when using lip shape alone compared to the
five consonant-viseme GMMs were used based on the visemmormal-hearing subject. The fact that deafs rely on lipiregad
grouping. Similar to the previous experiment, phonemegeco for speech communication may increase their ability noy onl
nition was performed in two passes. In the first pass, matchfor speech perception but also for speech production. Thid wo
ing between the input and the eight GMMs took place. Basedccuracy in the case of the deaf subject was 89% compared to
on the maximum likelihood, the system switched to the correthe 94.9% in the normal-hearing subject. Thiatence in per-
sponding vowel- or consonant-HMM set, and recognition waformance might be because of the lower hand shape recagnitio
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ELips M LipstHand Table 2: Word accuracy of a multi-speaker experiment

100 HMMs
90 - 878 878 - Test data| Normal | Deaf | Normak-Deaf
80 - 755 761 Normal 94.9 0.6 92.0
T 709 Deaf 2.0 89.0 87.2
> 60
g w0
3 404
s 304 in Cued Speech based on HMMs is being introduced for the
g 20 | first time ever by the authors of this study. Based on a review
10 of the literature written about Cued Speech, the authorsisf t
0 study have not come across any other published work related t
1 2 4 automatic vowel- or consonant recognition in Cued Speech fo
Gaussians per state any other Cued language.

The study aims at investigating the possibility of integrat

Figure 9: Word accuracy for isolated word recognition in tase of a deaf  ing lip shape and hand information in order to realize aut@mna
subject. recognition, and converting Cued Speech into text with laicth

curacy. The authors were interested in the fusion and tlogrec

in the deaf subject. It should also be noted that the normalr-lltlon part of the components, and details of image proogssi

heari . ﬁechniques are not covered by this work.
earing cuer was a professional teacher of Cued Speech. T € th ducted : s it d that lip sh
results show that there are no additiondiiidulties in recogniz- "l the conducted experiments, It was assumed that lip shape

ing Cued Speech in deaf subjects, other than those appé:aringand h?rqul sha;]pe comp(t)l?ents qrehtsyt/)nchronOﬁs. Bats)e? on prtiVI-
normal-hearing subjects. ous studies, however, there might be asynchrony between the

two components (Aboutabit et al., 2006). Late fusion (Pdtam

A multi-cuer isolated word recognition experiment was also i
conducted using the normal-hearing and the deaf cuers! datdnos et al., 2003), coupled HMMs (Nefian et al., 2002) and

The aim of this experiment is to investigate whether it is-pos product HMMs (Nakamura et al,, 2002) would be used as pos-

sible to train speaker-independent HMMs for Cued Speecﬁible alternatives to the state-synchronous fusion metbhedd

recognition. The training data consisted of 750 words from" this work.

the normal-hearing subject, and 750 words from the deaf sub- Although th\_e results are promising, problems still persist
ject. For testing 700 words from normal-hearing subject an or .example, n order to extragt accurate features, some con
700 words from the deaf subject were used, respectivelyh Eaclraints were agplle(;j m;;acordmg, ar_lgl the comrp])utatlot())al ¢
state was modeled with a mixture of 4 Gaussian distributiongV2S ot considered. S0, & possible asynchrony between
For lip shape and hand shape integration, the concateriegive the components should be further investigated. The current
ture fusion was used ’ pilot study on Cued Speech recognition attempts to extend
Table 2 shows the results obtained when lip shape and haﬁge. refselzarch In areas re_lated_ to deaf commumhes,fﬂeymg_
shape features were used. The results show, that due to 2 |nd|V|duaI_s with hearlng_dlsorders additional commuanic
large variability between the two subjects, word accuraty ot'ﬁn ?cljtirnatc;\(/jes. Fzr prc;':\ctl(lzal duse, Eowever, kmany quSt'
cross-recognition is extremely low. On the other hand, thedw _sdou ga ressel t_an Solved, suc a:s SEIJ_ia er—t,hen\;q’;nme
accuracy in normal-hearing subject when using multi-speak independence, real-time processing, €tc. € authorstre s
HMMs was 92%, which is comparable with the 94.9% Wordanalyzmg the remaining problems in the framework of the
accuracy when cuer-dependent HMMs were used. In the casTéELMA project.
of the deaf subject, the word accuracy when using multi-cuer
HMMs was 87.2%, which was also comparable with the 89%; ~qnclusion
word accuracy when using speaker-dependent HMMs.

The results obtained indicate that creating speaker- | this article, vowel-, consonant-, and phoneme recogiti
independent HMMs for Cued Speech recognition using a larggyperiments in Cued Speech for French were presented. To
number of subjects should not face any particuldfedence, yocognize Cued Speech, lip shape and hand components were
other than those appear in the conventional audio speecb-rec integrated into a single component using concatenativefea
nition. To prove this, however, additional experiment$igsx  fysjon and multi-stream HMM decision fusion. The accura-
large number of subjects are required. cies achieved were promising and comparable to those @otain

when using an audio speech. Specifically, accuracy obtained
4. Discussion was 87.8% for vowel recognition, 78.9% for consonant recog-
nition, and 74.4% for phoneme recognition. In addition;iso

This study deals with the automatic recognition of Cuedlated word experiments in Cued Speech in both normal-hgarin
Speech in French based on HMMs. As far as our knowledgand deaf subjects were also conducted obtaining a 94.9% and
goes, automatic vowel-, consonant- and phoneme recognitidd9% accuracy, respectively. A multi-cuer experiment usiatg
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from both normal-hearing and deaf subject showed an 89.6%. Aboutabit, D. Beautemps, L. Besacier, Lips and Hand Madefor Recog-
word accuracy, on average. This result indicates thatitrgin nition of the Cued Speech Gestures: The French Vowel Casec8gCom-

: : munication .
cuer-mdependent HMMs for Cued SpeeCh using a Iarge nu 5. Gibert, G. Bailly, D. Beautemps, F. Elisei, R. Brun, Arsiyand synthesis

ber Of subjects should not face particylaﬂ_“ldi_Jlties. Currently, of the 3D movements of the head, face and hand of a speakey cisaul

additional Cued Speech data collection is in progress,deror speech, Journal of Acoustical Society of America vol. 1182905) 1144—

to realize cuer-independent continuous Cued Speech recogn 1153 _ _

tion S. Young, G. Evermann, M. Gales, T. Hain, D. Kershaw, X. Liu,M®ore,

: J. Odell, D. Ollason, D. Povey, V. Valtchev, P. Woodland, FiEK Book,

Cambridge University Engineering Department .

H. Bourlard, S. Dupont, A new ASR approach based on indeperatecess-
ing and recombination of partial frequency bands, in Prdices of Inter-

. . national Conference on Spoken Language Processing (1286%29.
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