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ABSTRACT

This paper presents an approach to estimating the pa-
rameters of continuous density HMMs for visual speech
recognition. One of the key issues of image-based visual
speech recognition is normalization of lip location and light-
ing condition prior to estimating the parameters of HMMs.
We presented a normalized training method in which the
normalization process is integrated in the model training.
This paper extends it for contrast normalization in addition
to average-intensity and location normalization. The pro-
posed method provides a theoretically-well-defined algo-
rithm based on a maximum likelihood formulation, hence
the likelihood for the training data is guaranteed to increase
at each iteration of the normalized training. Experiments
on M2VTS database show that the recognition performance
can be significantly improved by the normalized training.

1. INTRODUCTION

In visual speech recognition, one of the difficulties is the
extraction of feature parameters from the image sequence
of lips. Methods to extract speech information from im-
age sequences are largely categorized into two approaches:
model-based approach [1]–[3] and image- or pixel-based
approach[3]–[5]. In the model-based approach, a contour
model of lips is first constructed, and it is represented by a
small number of parameters. Although the advantage of this
approach is that the parameters have less influence of vari-
ability of lighting condition, lip location, rotation and scal-
ing, it has a difficulty in the construction of a robust and effi-
cient lip contour model which can locate and track lips. On
the other hand, in the image-based approach, pixel values
of the image are preprocessed and then used as the feature
vector. However, this process must take account of the vari-
ety of lighting condition, lip location, rotation, and scaling.
The statistical models (e.g., HMMs) are trained with such a
variation, the distributions of different classes overlap each
other, and the discriminatory capabilities of the statistical
models may be reduced. Therefore, the training data must
be normalized prior to model training.

This paper proposes an approach to estimating the pa-
rameters of continuous density HMMs for visual speech
recognition, in which normalization of average-intensity,
contrast and lip location is integrated in the model training.

Although the idea of [5] is similar to that of this paper, the
proposed method provides a theoretically-well-defined al-
gorithm based on the ML (maximum likelihood) criterion,
and can normalize average-intensity, contrast and location
simultaneously within an ML formulation. In our previous
work [6], we proposed the average-intensity and location
normalized training. In this paper, the normalized train-
ing algorithm is extended for contrast normalization, and
the M2VTS database [7] was used instead of the Tulips1
database [8] for larger task experiments.

This paper is organized as follows. The next sec-
tion defined the normalization transformation used in this
work. An ML-based normalization framework and the re-
estimation algorithm for the normalized training are de-
scribed in section 3 and section 4, respectively. Section 5
presents experimental results. Concluding remarks and our
plans for future work are presented in the final section.

2. NORMALIZATION TRANSFORMATION

2.1. Geometric Transformation
In image-based visual speech recognition, we extract mouth
part from the original image by a linear transformation:

ô(r)(t) = A(r)o(r)(t) (1)

whereo(r)(t) andô(r)(t) are the original image vector and
the extracted lip image vector, respectively associated with
utterancer at time t. Note that the intensity values of all
pixels in the image are collected in a long one-dimensional
vector. A rectangular matrixA(r) extracts mouth part from
the original image and sub-samples the extracted image. Al-
though (1) can normalize geometric transformations such as
lip location, rotation and scaling, we considered only loca-
tion normalization in this work. If the size ofo(r)(t) and the
block size of sub-sampling areL andk, respectively, each
row of A(r) consists ofk elements of1/k andL − k ele-
ments of0, and the arrangement of the non-zero elements
depends on the location of extracted mouth part.

2.2. Intensity Transformation
In our method, HMM parameters are transformed by a lin-
ear transformation for Intensity normalization:

µ̂(r)
m = Č(r)µm + b̌(r) (2)

Σ̂
(r)

m = Č(r)ΣmČ(r)T (3)



whereµm andΣm are the mean vector and the covariance
matrix of them-th Gaussian component, respectively. This
transformation framework can represent various normaliza-
tions, e.g., color normalization. In this paper, we assume
that the transformation consists of additive coefficients for
average-intensity normalization and multiplicative coeffi-
cients for contrast normalization:

b̌(r) = b̌(r)1 (4)

Č(r) = č(r)I (5)

where1 = [1 . . . 1]T , and b̌(r) is an average-intensity
normalization vector,̌C(r) is a matrix for contrast normal-
ization. We also assume that the lip location and average-
intensity do not change very much during one utterance, one
transformation is prepared for each utterance.

3. ML-BASED NORMALIZATION FRAMEWORK

In the conventional normalization approach, lip images
must be normalized prior to estimating the parameters
of HMM. In our method, the transformationT (r) =
(A(r), b̌(r), Č(r)) is determined so as to maximize the like-
lihood of the HMM parametersM, that is, the optimal
transformationT ′(r) is derived as

T ′(r) = argmax
T (r)

P (Ô(r) | M, (b̌(r), Č(r))) (6)

whereÔ(r) = [ô(r)(1), ô(r)(2), . . . , ô(r)(Tr)] is the lip im-
age sequence associated with an utterancer. However, to
determineT ′(r), we need the HMM parametersM which
cannot be trained unless transformations for all the training
utterances,T (r), r = 1, 2, ..., R are determined. Therefore
the optimum set of transformationsT (r), r = 1, 2, ..., R and
the set of HMM parametersM are jointly estimated so as
to maximize the likelihood:

λ′ = argmax
λ

P (Ô | M, (b̌, Č)) (7)

where Ô = {Ô(1), Ô(2), ..., Ô(R)} is all training utter-
ances, andλ consists of the set of transformations for all
utterances and HMM parameters:

λ = {A, (b̌, Č),M} (8)

where

A = {A(r) | r = 1, 2, . . . , R} (9)

(b̌, Č) = {(b̌(r), Č(r)) | r = 1, 2, . . . , R} (10)

are all transformations for training HMM parameters. The
fundamental idea of the proposed method is to determine
the transformations{A, (b̌, Č)} which normalize training
utterances and HMM parametersM simultaneously.

4. RE-ESTIMATION ALGORITHM

4.1. Q-function
To solve the above optimization problem, we adopt the EM
(Expectation-Maximization) algorithm, which is the itera-
tive procedure of approximating ML estimates. The pro-
cedure consists of maximizing at each iteration the auxil-
iary function so calledQ-function. The likelihood for the
training data is guaranteed to increase by increasing the
value of theQ-function. Hence the maximization of the
Q-function value at each iteration maximizes the likelihood
for the training data:

Q(λ, λ′) ≥ Q(λ, λ) ⇒
P (Ô′ | M′, (b̌, Č)′) ≥ P (Ô | M, (b̌, Č)) (11)

whereÔ′ is the training data normalized by the updated
transformation setA′, which is included in the updated pa-
rametersλ′. TheQ-function with respect to the HMM pa-
rameters and the transformations can be written as

Q(λ, λ′) = K − 1
2

R,M,Tr∑

r,m,t

γ(r)
m (t)

×
[
Km + log (|Σm|) − 2 log (|C(r)|)

+(õ(r)(t) − µm)T Σ−1
m (õ(r)(t) − µm)

]
(12)

whereK is a constant dependent only on the transition
probabilities,Km is the normalization constant associated
with Gaussianm, andγ(r)

m (t) is the posterior probability
of Gaussianm at timet, that can be computed through the
forward-backward algorithm:

γ(r)
m (t) = P (qt = m | O(r), T (r),M) (13)

andõ(r)(t) is the normalized training data defined by

õ(r)(t) = C(r)ô(r)(t) + b(r) (14)

where

b(r) = −{Č(r)}−1b̌(r) = b(r)1 (15)

C(r) = {Č(r)}−1 = c(r)I (16)

Thus, the intensity transformation in our method can be im-
plemented as a transformation of the feature vector and a
simple addition of the termlog (|C(r)|). Therefore the log-
likelihoods are calculated as

log (P (ô(r)(t) | µm,Σm, b̌(r), Č(r)))

= log (N (õ(r)(t) ; µm,Σm)) + log (|C(r)|) (17)

and there is no need to change the original HMM parame-
ters.

The iterative approach usingQ-function is adopted
in which one of the parameter sets (transformations
{A, (b,C)} and HMM parametersM) is estimated at each
stage and the maximum likelihood re-estimation is used in-
dividually for each of the parameter sets keeping the other
parameters are fixed.



4.2. Maximization ofQ-function
We first maximize theQ-function with respect to
{A, (b,C)} while keeping model parametersM fixed to
current values. We cannot deriveA(r) which maximize the
value ofQ-function in closed form sinceA(r) must satisfy
the constraints described in section 2 (i.e., lip area extraction
and sub-sampling). By giving a location, however,A(r) is
completely determined. Therefore, we adopt direct search
for the optimum location. To avoid a large amount of com-
putation required for the exhaustive search, we adopted a
gradient search ofQ-function value for the optimal location
in the experiment.

Then, we compute the transformation set(b(r),C(r))
while keepingA(r) fixed to the current values. The solution
of

∂Q(λ, λ′)
∂c′(r)

= 0, r = 1, 2, . . . , R, (18)

gives the updated contrast normalization coefficient as

c′
(r) =

ξ(r) +
√
ξ(r)2 + 4nTψ(r)

2ψ(r)
(19)

where

ξ(r) =
M,T∑

m,t

γ(r)
m (t)ô(r)(t)Σ−1

m ô(r)(t), (20)

ψ(r) =
M,T∑

m,t

γ(r)
m (t)(µm − b(r))TΣ−1

m ô(r)(t) (21)

andn is the size of the feature vector̂o(r)(t). Similarly,
using the updatedc′(r), the updated average-intensity nor-
malization coefficientb′(r) are given as

b′
(r) =

M,T∑

m,t

γ(r)
m (t)(µm − C′(r)ô′(r)(t))T Σ−1

m 1

M,T∑

m,t

γ(r)
m (t)1T Σ−1

m 1

(22)

The estimation of the means and covariance matrices of
the Gaussian densities conditioned on the updated transfor-
mation set{A′, (b,C)′} is expressed as

µ′
m =

R,Tr∑

r,t

γ(r)
m (t)õ′(r)(t)

R,Tr∑

r,t

γ(r)
m (t)

(23)

Σ′
m =

R,Tr∑

r,t

γ(r)
m (t)(õ′(r)(t) − µ′

m)(õ′(r)(t) − µ′
m)T

R,Tr∑

r,t

γ(r)
m (t)

(24)

By inspection, these equations are the same as the
standard estimation using the training datão′(r)(t)
obtained by the updated normalization transformation
{A′(r)

, (b(r),C(r))′}
The normalized training procedure is summarized as

follows:

Step 0. Give an initial transformation set{A, (b,C)} and
construct an initial modelM.

Step 1. Compute the values ofγ(r)
m (t), and estimate the

transformations(b,C)′, and this step is iterated until
the change of likelihood is small.

Step 2. Compute the values ofγ(r)
m (t), and estimate the

transformationsA′.
Step 3. Compute the values ofγ(r)

m (t), and estimate the
model parametersM′.

Step 4. If the change of the likelihood after the re-
estimation is small, Stop. Otherwise go to Step 1.

It is easily verified that at each stage of the update process
the value of theQ-function is guaranteed to increase:

Q(λ, λ′) ≥ Q(λ, λ) (25)

Hence the likelihood for the training data is also guaranteed
to increase, based on the properties of theQ-function stated
earlier:

P (Ô | M, (b̌, Č)) ≤ P (Ô′ | M, (b̌, Č)′)

≤ P (Ô′ | M′, (b̌, Č)′) (26)

whereÔ′ is the training data normalized by the transforma-
tion setA′ updated in Step 2.

5. EXPERIMENT

Visual word recognition experiments were performed. Each
word model was represented by one HMM which is left-to-
right model of 8 states with two Gaussian distributions of
diagonal covariance. The size of extracted lip image was
80×40 and the block size of sub-sampling was 5×5. The
image vector (static feature vector), the temporal difference
vector (delta feature vector) and second order time deriva-
tives (delta-delta feature vector) were combined to form the
feature vectoro(r)(t).

For the experiment, the M2VTS database was used
which is a bimodal database comprising of face image se-
quences and speech signals of 37 speakers. This database
provides 5 shots for each speaker and during each shot
speakers pronounce French numbers from “0” to “9” con-
tinuously. Shots were taken at one week intervals to ac-
count for minor face changes like beards. For each speaker,
the most difficult shot to recognize is the fifth, because of
some face and voice variations have been included. This
study was carried out by using the first four shots. The
visual frame rate is 25 frame/s and each frame is a full
color 350×286 pixel image. They were converted into grey-
level images for the experiments in this study. We per-
formed speaker independent word recognition tests using
the “leave-one-out method”. In the method, one of 37 sub-
jects was used for testing and the remaining 36 subjects
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Figure 1. Log likelihoods of HMMs for training data.
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Figure 2. Recognition rate for each iteration of normal-
ized training.

were used for training. This was repeated 37 times, leav-
ing out a different subject each time.

Figure 1 shows the change of the likelihood with re-
spect to the iteration of the normalized training. In the fig-
ure, “w/o” means that HMMs were trained without both the
prior normalization and the normalized training, and they
were used as the initial models for normalized training. We
investigate the performance of the various normalized train-
ing described in this paper: the combination of the average-
Intensity “I”, Contrast “C”and Location “L” normalization.
From the figure, it can be confirmed that the normalized
training monotonically increases the likelihood for the train-
ing data.

The word recognition rate for each iteration of the nor-
malized training is shown in Figure 2. The transformation
for the testing data was obtained after three iterations of the
update (Step 1-2). The normalization process was applied
to all the testing data except for “w/o”. It can be seen that a
significant error reduction is achieved by the proposed tech-
nique. A recognition rate of 74.1% and error reduction of
24.7% were achieved in the case of “L+C+I”normalization.
When we used the conventional normalization approach, in
which the average-intensity and the contrast of the training
and testing data are normalized independently of HMM, a
recognition rate of 70.8% was obtained. In the case of only
the intensity normalization, a recognition rate of 69.9% was
achieved. These results can be regarded as those obtained
by the conventional normalization approach in which the

location is also normalized prior to the model training since
the lip areas were extracted manually. Notice that the nor-
malized training of “I” and “C+I” are better than the conven-
tional normalization approach using the same location data.
In addition, the normalized training which include the loca-
tion normalization (“L+I” and “L+C+I”) further improved
the performance. These results suggest that the normal-
ization process should be integrated in the model training
to reduce the overlap among the distributions of different
HMMs, and it improves the recognition performance sig-
nificantly.

6. CONCLUSION

We proposed an approach to simultaneous intensity, con-
trast and location normalized training of HMMs for image-
based visual speech recognition. Experimental results show
that by integrating the normalization process into the model
training the recognition performance is significantly im-
proved: a word recognition rate of 74.1% and an error-
reduction of 24.7% were achieved. In the proposed algo-
rithm, the likelihood for the training data is guaranteed to
increase at each iteration of parameter re-estimation. Exten-
sion to continuous visual speech recognition and integration
of the visual information to auditory information will be fu-
ture works.
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