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ABSTRACT

In this paper, we investigate the use of the coupled hid-
den Markov models (CHMM) for the task of audio-visual
text dependent speaker identification. Our system deter-
mines the identity of the user from a tempora sequence
of audio and visua observations obtained from the acous-
tic speech and the shape of the mouth, respectively. The
multi modal observation sequences are then modeled using
aset of CHMMs, onefor each phoneme-viseme pair and for
each person in the database. The use of CHMMsin our sys-
tem isjustified by the capacity of this model to describe the
natural audio and visua state asynchrony as well as their
conditional dependency over time. To train a CHMM we
first train a speaker independent model using expectation-
maximization (EM), and then we build a speaker dependent
model using maximum a posteriori (MAP) training. Exper-
imental results on XM2V TS database show that our system
improves the accuracy of audio-only or video-only speaker
identification at al levels of acoustic signal-to-noise ratio
(SNR) from 0 to 30db.

1. INTRODUCTION

The increased interest for robust person identification sys-
tems led to complex system that rely often on the fusion
of several type of sensors. Audio-visual speaker identifi-
cation systems are particularly interesting due to their in-
creased robustness to acoustic and visual noise. |n our work
the sequence of visua features extracted from the mouth
shape over time is combined with the features of acous-
tic speech to obtain a reliable speaker identification sys-
tem. The motivation of our approach is supported by re-
cent audio-visual speech and speaker recognition systems
that empirically demonstrate the strong correlation between
acoustic and visual speech [7, 1, 17, 13]. udio-visual fusion
methods[17, 4] can be broadly grouped into two categories:
feature fusion and decision systems. In feature fusion sys-
tems the observation vectors, obtained through the concate-

nation of acoustic and visual speech feature vectors, are de-
scribed using a hidden Markov model (HMM). However,
the audio and visual state synchrony assumed by these sys-
tems may not describe accurately the audio-visual speech
generation. In comparison, in decision level systems the
class conditional likelihood of each modality is combined
at phone or word levels. Some of the most successful deci-
sion fusion models include the multi-stream HMM [14], or
the product HMM [16, 5].

The coupled hidden Markov model (CHMM) based audio-
visual speaker identification system presented in this paper
can be seen as an extension of the decision fusion system at
phoneme-viseme level. A CHMM allows for audio-visual
state asynchrony as well as captures the natural conditional
dependencies between the two modalities at the state level.
Recently it has been shown that CHMMs outperform both
the product and the multi-stream HMM for the task isolated
word audio-visual speech recognition [12].

The outline of this paper is as follows. In Section 2 we
give a formal definition of the CHMM used in our system.
The training and decoding of the CHMM for the speaker
identification task are detailed in Sections 3 and 4 respec-
tively. The experimental results are discussed in Section 5,
while Section 6 presents the conclusions of our work and
proposes directions for future research.

2. THE AUDIO-VISUAL CHMM

A CHMM [2] can be seen as a collection of hidden Markov
models, one for each data stream, where the hidden back-
bone nodes at time ¢ for each HMM are conditioned by the
backbone nodes at time ¢ — 1 for al the related HMMs.
Throughout this paper we will use CHMM with two chan-
nels onefor audio and the other for visual observations. The
parameters of a CHMM with two channels are defined be-
low:
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where ¢ € {a, v} denotes the audio and visual channels re-
spectively, and g5 is the state of the backbone node in the
cth channel at time ¢. In a continuous mixture with Gaus-
sian components, the probabilities of the observed nodesare
given by:

M
bf(z) = Z wf,mN(Ogaﬂf,m’Uf,m)
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where Of is the observation vector at time ¢ corresponding
to channel ¢, and i ,,, and U5, and wy ,,, arethe mean, co-
variance matrix and mixtureweight corresponding to theith
state, mth mixture and the cth channel. A/ represents the
number of mixtures corresponding to the isth state in the cth
channel. In our audio-visual speaker identification system
each CHMM describes one of the phoeneme-viseme pairs,
defined in [13], for each person in the database.

3. TRAINING

Thetraining of the CHMM parametersfor thetask of audio-
visual speaker identificationisperformedintwo stages. First,
a speaker-independent background model (BM) is obtained
for each CHMM corresponding to aphoeneme-visesmepair.
Next, the parameters of the CHM M s are adapted to a speaker
specific model using amaximum aposteriori (MAP) method.
To deal with the requirements of a continuous speech recog-
nition systems, two additional CHMMs are trained to model
the silence between consecutive words and sentences.

3.1. MAXIMUM LIKELIHOOD TRAINING OF THE
BACK GROUND MODEL

Inthefirst stage, the CHMMsfor isolated phoeneme-viseme
pairsareinitialized using the Viterbi-based method described
in[11] followed by the estimation-maximization (EM) algo-
rithm [9]. Each of the models obtained in the first stage are
extended with one entry and one exit non-emitting states.
The use of the non-emitting states al so enforcesthe phoneme-
viseme synchrony at the model boundaries (Figure 1). Next,

Fig. 1. The state diagram of the coupled HMM used in our
audio-visual speaker identification system.

the parameters of the CHMMss are refined through the em-
bedded training of all CHMM from continuous audio-visual
speech [9]. Inthis stage, thelabels of the training sequences
consist of the sequence of phoneme-visemewith al bound-
ary information being ignored. We will denote the mean,
covariance matrices and mixture weights for mixture m,
state 7, and channel ¢ of the trained CHMM correspond-
ing to the background mode! as (x5 ,,,) sm, (US,,) v and
(wf,m) B respectively.

3.2. MAXIMUM A POSTERIORI ADAPTATION

In this stage of the training, the state paratemeters of the
background model are adapted to the characteristics of each
speaker in the database. The new state parameters for all
CHMMs s ., Us ,, and 1wy, areobtained through Bayesian
adaptation [15]:

fim = O mbtim + (1 =07 0) (05 ) (1)
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where 67, is a parameter that controls the MAP adapta-
tion for mixture component m in channel ¢ and statei. The
sufficient statistics of the CHMM states corresponding to a
specific user, s ., U5, and wy ,,,, are obtained using the
EM a gorithm from the available speaker dependent data as
follows:
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the forward and backward variables respectively [9] com-
puted for the rth observation sequences

0, = [(02)T,(0%,)T]". The adaptation coefficient is
obtained as
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where § is the relevance factor which isset § = 16 in our
experiments. Note that as more speaker dependent data for
mixture m of state < and channel ¢ becomes available, the
contribution of the speaker specific statistics to the MAP
state parameters increases (Equations 1- 3). On the other
side, when less speaker specific data is available, the MAP
parameters are very close to the parameters of the back-
ground model.

4. RECOGNITION

The decoding of atest audio-visual sequence is carried out
via a graph decoder [6, 9]. The speaker model with the
highest likelihood reveal s the identity of the user. Note that
our text dependent speaker identification does not make use
of the phoeneme-viseme forced alignment. To deal with
the variation in the relative reliability of the audio and vi-
sual features at different levels of acoustic noise, we modi-
fied the observation probabilities used in decoding such that
be (i) = [b§]* where the audio and video stream exponents
A aNd A, satisfy Ay, A, > 0and A, + A, = 1. Theval-
ues \,, A, corresponding to a specific acoustic SNR level
are obtained experimentally to minimize the average word
error rate.

5. EXPERIMENTAL RESULTS

In our experiments the acoustic observation vectors consist
of 13 Mel frequency cepstral coefficients (MFCC) with their
first and second order time derivatives extracted from awin-
dow of 25.6 ms, with an overlap of 15.6 ms. The visua
features are obtained from the mouth region through a cas-
cade algorithm describedin [8]. The extraction of the visua
features starts with the neura network based face detection
system followed by the detection and tracking of the mouth
region using aset of support vector machine classifiers (Fig-
ure 2).

(b)

Fig. 2. (8) An example of the face detection (white rectan-
gle), and the estimated region of search for the mouth (black
rectangle). (b) The estimated region of search for the mouth,
enlarged. (c) The mouth detection result (white rectangle)
from the initial region of search for the mouth (black rect-
angle).

The pixels in the mouth region are mapped to a 32-

dimensional feature space using the principal component
analysis. Then, blocks of 15 consecutive visual observation
vectors are concatenated and projected on a 13 class, linear
discriminant space. Finally, the resulting vectors of size 13,
their first and second order time derivatives are used as the
visual observation sequences. The audio and visual features
are integrated using a CHMM with three states in both the
audio and video chains with no back transitions (Figure 1).
Each state has 32 mixture componentswith diagonal covari-
ance matrices. The audio-visua speaker identification sys-
tem presented in this paper was tested on digit enumeration
sequences from the XM2VTS database [10]. For parame-
ter adaptation we used four training sequences from each
of the 87 speakers in our training set while for testing we
used 320 sequences. To eval uate the behavior of our speaker
identification system in environments affected by acoustic
noise, we corrupted the testing sequences with white Gaus-
sian noise at different SNR levels, while we trained on the
original clean acoustic sequences. Table 1 describesthe er-
ror rate in speaker identification at different levels of acous-
tic SNR, and for different values of the visual stream expo-
nent.

SNR(db) [30 ] 20 [ 10 | 0 |
),=0.0 | 0.6 ] 803 ] 959 | 99.7
),=02 | 0.0 | 347|809 |953
),=0.3 || 0.0 | 138 | 55.0 | 816
)\,=05 || 03| 34 | 141 | 255
)\,=0.7 |12 | 25 | 44 | 59
2\,=08 || 13| 25 | 34 | 44
=10 [ 53|53 |53 | 53

Table 1. The error rate of the audio-visual speaker iden-
tification system for several SNR levels and viusal stream
exponents A,.

It can be seen that the improvement in speaker identi-
fication at lower SNR is obtained for higher values of A,
while at higher SNR a smaller error rate is obtained for
smaller A,. When the audio features are ignored (A ,= 1.0),
the error rate of the visual only speaker identification is, as
expected, independent of the acoustic SNR. However, at low
values of SNR, the use of visual features decreases signifi-
cantly the error rate of the audio-only system from 99.7% to
4.4% for the best A,=0.8. Also note that, at all SNR values
the best performanceis obtained for a combination of audio
and video features, no single modality system outperform-
ing the audio-visual speaker identification. Figure 3 dis-
plays the error rate of the audio-only video-only and audio-
visual speaker identification system for best values of A, at
different SNR levels.
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Fig. 3. The error rate of the audio-only, video-only and
audio-visual speaker identification system.

6. CONCLUSIONS

In this paper, we introduce a novel text dependent audio-
visual speaker identification system that models jointly the
acoustic and visual features of speech usinga CHMM. The
use of strongly correlated acoustic and visual temporal fea-
tures makes the current system more difficult to break, and
more accurate than acoustic only speaker identification sys-
tems.

The study of the recognition performance in environ-
ments corrupted by acoustic noise shows that our system
outperforms the audio-only baseline system by awide mar-
gin. Infact the error rate of the audio-only system at SNR=0db
isreduced by over 95%.

Future research will be directed toward the integration
of the current audio-visual speaker identification with aface
recognition system. It isalso interesting to study the perfor-
mance of the current system for different types of acoustic
noise as well as visual noise. The similarity between the vi-
sual features used in this work and the visual features used
in audio visual speech recognition allows for the integra-
tion of the two systems in a text independent audio-visual
speaker identification.
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