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Abstract. In this paper we describe a text dependent audio-visual speaker
identification approach that combines face recognition and audio-visual
speech-based identification systems. The temporal sequence of audio and
visual observations obtained from the acoustic speech and the shape of
the mouth are modeled using a set of coupled hidden Markov models
(CHMM), one for each phoneme-viseme pair and for each person in
the database. The use of CHMM in our system is justified by the ca-
pability of this model to describe the natural audio and visual state
asynchrony as well as their conditional dependence over time. Next, the
likelihood obtained for each person in the database is combined with the
face recognition likelihood obtained using an embedded hidden Markov
model (EHMM). Experimental results on XM2VTS database show that
our system improves the accuracy of the audio-only or video-only speaker
identification at all levels of acoustic signal-to-noise ratio (SNR) from 5
to 30db.

1 Introduction

Increased interest in robust person identification systems leads to complex sys-
tems that rely often on the fusion of several type of sensors. Audio-visual speaker
identification (AVSI) systems are particularly interesting due to their increased
robustness to acoustic noise. These systems combine acoustic speech features
with facial or visual speech features to reveal the identity of the user. As in
audio-visual speech recognition the key issues for robust AVSI systems are the
visual feature extraction and the audio-visual decision strategy.

Audio-visual fusion methods [22,3] can be broadly grouped into two cate-
gories: feature fusion and decision systems. In feature fusion systems the obser-
vation vectors, obtained through the concatenation of acoustic and visual speech
feature vectors, are described using a hidden Markov model (HMM). However,
the audio and visual state synchrony assumed by these systems 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 decision fusion models include the
multi-stream HMM [18], or the product HMM [21,4].

The Bayesian models also revealed their high modeling accuracy for face
recognition. Recent face recognition systems using embedded Bayesian networks [14]



showed their improved performance over some template-based approaches [23,
1,6,17].
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Fig. 1. The audio-visual speaker identification system.

The Bayesian approach to audio-visual speaker identification described in
this paper (Figure 1) starts with the detection of the face and mouth in a video
sequence. The facial features are used in the computation of the face likelihood
(Section 2) while the visual features of the mouth region together with the
acoustic features determine the likelihood of the audio-visual speech (Sections 3
and 4). Finally the face and the audio-visual speech likelihood are combined in
a late integration scheme to reveal the identity of the user (Section 5).

2 The Face Model

While HMM are very successful in speech or gesture recognition, an equivalent
two-dimensional HMM for images has been shown to be impractical due to its
complexity [5]. Figure 2a shows a graph representation of the 2D HMM with the
square nodes representing the discrete hidden nodes and the circles describing
the continuous observation nodes. In recent years, several approaches to approx-

Fig. 2. A 2D HMM for face recognition (a), an embedded HMM (b) and the facial
feature block extraction for face recognition (c).

imate a 2D HMM with computationally practical models have been investigated



[20, 14, 7]. In this paper, the face images are modeled using an embedded HMM
(EHMM) [15]. The EHMM used for face recognition is a hierarchical statistical
model with two layers of discrete hidden nodes (one layer for each data dimen-
sion) and a layer of observation nodes. In an EHMM both the “parent” and
“child” layer of hidden nodes are described by a set of HMMs (Figure 2b). The
states of the HMM in the “parent” and “child” layers are referred to as the super
states and the states of the model respectively. The hierarchical structure of the
EHMM or the embedded Bayesian networks [14] in general reduces significantly
the complexity of these models compared to the 2D HMM. The sequence of
observation vectors for an EHMM are obtained from a window that scans the
image from left to right and top to bottom as shown in Figure 2c. Using the
images in the training set, an EHMM is trained for each person in the database
by means of the EM algorithm described in [15]. Recognition is carried out via
the Viterbi decoding algorithm [12].

3 The Audio-Visual Speech Model

A a coupled HMM (CHMM) [2] can be seen as a collection of HMMs, one for
each data stream, where the hidden backbone nodes at time t for each HMM
are conditioned by the backbone nodes at time ¢t — 1 for all the related HMMs.
Throughout this paper we will use CHMM with two channels, one for audio and
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Fig. 3. A directed graph representation of a two channel CHMM with mixture compo-
nents (a) and the state diagram representation of the CHMM used in our audio-visual
speaker identification system (b).

the other for visual observations (Figure 3a). The parameters of a CHMM with
two channels are defined below:

m5(i) = P(qf = 1)
by (i) = P(Oflg; = i)
agjje = Pla; =ilaf—y = j,a/-1 = k)

where ¢ € {a,v} denotes the audio and visual channels respectively, and ¢f is
the state of the backbone node in the cth channel at time ¢. For a continuous



mixture with Gaussian components, the probabilities of the observed nodes are
given by:

M
bg(z) = Z wimN(Og,u;m,Uf’m)

m=1

where Of is the observation vector at time ¢ corresponding to channel ¢, and
wim and Uf - and wf,, are the mean, covariance matrix and mixture weight
corresponding to the ith state, the mth mixture and the cth channel. M{ is
the number of mixtures corresponding to the ¢th state in the cth channel. In
our audio-visual speaker identification system, each CHMM describes one of the
possible phoneme-viseme pairs as defined in [16], for each person in the database.

4 Training the CHMM

The training of the CHMM parameters for the task of audio-visual speaker iden-
tification is performed in two stages. First, a speaker-independent background
model (BM) is obtained for each CHMM corresponding to a viseme-phoneme
pair. Next, the parameters of the CHMMSs are adapted to a speaker specific
model using a maximum a posteriori (MAP) method. To deal with the require-
ments of a continuous speech recognition systems, two additional CHMMSs are
trained to model the silence between consecutive words and sentences.

4.1 Maximum Likelihood Training of the Background Model

In the first stage, the CHMMs for isolated phoneme-viseme pairs are initialized
using the Viterbi-based method described in [13] followed by the estimation-
maximization (EM) algorithm [10]. Each of the models obtained in the first stage
is extended with one entry and one exit non-emitting state (Figure 3 b). The
use of the non-emitting states also enforces the phoneme-viseme synchrony at
the model boundaries. Next, the parameters of the CHMMs are refined through
the embedded training of all CHMM from continuous audio-visual speech [10].
In this stage, the labels of the training sequences consist only of the sequence of
phoneme-visemes with all boundary information being ignored. We will denote
the mean, covariance matrices and mixture weights for mixture m, state ¢, and
channel ¢ of the trained CHMM corresponding to the background model as
(ufﬁm)BM, (Uf,m)BM, and (wf,m)BM respectively.

4.2 Maximum A Posteriori Adaptation
In this stage of the training, the state parameters of the background model are

adapted to the characteristics of each speaker in the database. The new state
parameters for all CHMMs 47 ,,, Uf , and wyf,, are obtained through Bayesian



adaptation [19]:

ﬂZm = 02mp‘g7m + (1 - 02m)(p’§7m)BM (]_)
US = 050U — (1530)7 + (45 ) B + (1= 65,,) (U5 ) B (2)
’l[)im = 0E7mwz¢,m + (1 - 0E7m)(wz¢,m)BM7 (3)

where 67 is a parameter that controls the MAP adaptation for mixture com-
ponent m in channel ¢ and state i. The sufficient statistics of the CHMM states
corresponding to a specific user, y; ,,,, Uf , and wy ,,, are obtained using the EM

algorithm from the available speaker dependent data as follows:
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Bri(isj) = P(Oyiy1,---, O, , g8, = i,q7, = j) are the forward and backward
variables respectively [10] computed for the rth observation sequences O, ; =
(02 )7, (0¢,)"1". The adaptation coefficient is

L S m)
S Al m) + 07

where § is the relevance factor, which is set § = 16 in our experiments. Note
that as more speaker dependent data for a 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 hand, when less
speaker specific data is available, the MAP parameters are very close to the
parameters of the background model.

5 Recognition

Given an audio-visual test sequence, the recognition is performed in two stages.
First the face likelihood and the audio-visual speech likelihood are computed
separately. To deal with the variation in the relative reliability of the audio and
visual features of speech at different levels of acoustic noise, we modified the



observation probabilities used in decoding such that b$(i) = [b¢]*<, ¢ € {a,v}
where the audio and video stream exponents A, and A, satisfy A\, A, > 0 and
Ao + Ay = 1. Then the overall matching score of the audio-visual speech and face
model is computed as

L(O7,0%,0°k) = A\t L(O7|k) + Ay L(O%, OV|k) (4)

where 0%, OV and O are the acoustic speech, visual speech and facial sequence
of observations, L(x|k) denotes the observation likelihood for the kth person in
the database and A, Agy > 0,Af + Ay = 1 are some weighting coefficients for
the face and audio-visual speech likelihoods.

6 Experimental Results

The audio-visual speaker identification system presented in this paper was tested
on digit enumeration sequences from the XM2VTS database [11]. For parameter
adaptation we used four training sequences from each of the 87 speakers in our
training set while for testing we used 320 sequences.

In our experiments the acoustic observation vectors consist of 13 Mel fre-
quency cepstral (MFC) coefficients with their first and second order time deriva-
tives, extracted from windows of 25.6ms, with an overlap of 15.6ms. The extrac-
tion of the visual features starts with the face detection system described in [9]
followed by the detection and tracking of the mouth region using a set of sup-
port vector machine classifiers. The features of the visual speech are obtained
from the mouth region through a cascade algorithm described in [8]. 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, with 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 3b). Each state has 32 mixture components
with diagonal covariance matrices.

In our system, the facial features are obtained using a sampling window of size
8 x 8 with 75% overlap between consecutive windows. The observation vectors
corresponding to each position of the sampling window consist of a set of 2D
discrete Cosine transform (2D DCT) coefficients. Specifically, we used nine 2D
DCT coefficients obtained from a 3 x 3 region around the lowest frequency in
the 2D DCT domain. The faces of all people in the database are modeled using
EHMM with five super states and 3,6,6,6,3 states per super state respectively.
Each state of the hidden nodes in the “child” layer of the EHMM is described by
a mixture of three Gaussian density functions with diagonal covariance matrices.

To evaluate 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. Figure 4 shows the error rate of the audio-only (A,, Ar) = (0.0,0.0),



video-only (Ay,Ay) = (1.0,0.0), audio-visual (A\; = 0.0) and face-audio-visual
(Av; Af) = (0.5,0.3) speaker identification system at different SNR levels.
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Fig. 4. The error rate of the audio-only (Ay,Af) = (0.0,0.0), video-only (Ay,Af) =
(1.0,0.0), audio-visual (A; = 0.0) and face+audio-visual (A, Ay) = (0.5,0.3) speaker
identification system.

7 Conclusions

In this paper, we described a Bayesian approach for text dependent audio-visual
speaker identification. Our system uses a hierarchical decision fusion approach.
In the lower level the acoustic and visual features of speech are integrated using
a CHMM and the face likelihood is computed using an EHMM. In the upper
level, a late integration scheme combines the likelihood of face and audio-visual
speech to reveal the identity of the speaker.

The use of strongly correlated acoustic and visual temporal features of speech
together with overall facial characteristics makes the current system very diffi-
cult to break, and increases its accuracy to acoustic noise. The study of the
recognition performance in environments corrupted by acoustic noise shows that
our system outperforms the audio-only baseline system by a wide margin.
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