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ABSTRACT

This paper presents an application of a Fuzzy
Logic based Model for audiovisual speech recognition.
The speech signal is analyzed with the Perceptual
Linear Predictive Analysis and the speaker’s face image
is processed to extract some lip-opening parameters.
Two sets of fuzzy filters are trained to extract some
features from both acoustic and visual paths. These
features are integrated by a second level of processing
based on a feedforward neural network.

Results obtained with a Signal to Noise Ratio between 0
and 18 dB are in the range of 63-95% and are compared
to the Kohonen feature extractor.

1. INTRODUCTION

Audio-visual speech recognition has became a well
stablished scientific area for the speech recognition
communinity ({2, 5, 10]) and is increasingly
developping with the support of Multimedia technology
which enables the emergence of new audio-visual data
acquisition tools.

Our goal in this study concerns the realization of a
robust automatic speech recognition system based on
some features of the human auditory system for
audiovisual recognition in adverse conditions. Two
directions are presently explored: 1) the search for a
speech representation which would be close to the
human auditory features, 2) the search for a strategy for
a better fusion of audio-visual data using models
supposed to work in the human hearing system.

Among the different technics used for information
processing, Fuzzy Logic has shown its ability to deal
with the imprecisness and the vagueness of the real
world data [9, 11, 12]. Recently new training algorithms
have been proposed to increase their flexibility when
adapting them to new data ({7, 12]).

This paper presents the application of FSFM (Fuzzy
Shape Filters Model), a Fuzzy-Logic Based Model for
making audiovisual data integration. Some preliminaries
of this model have been introduced in [4] and extended
in [5]. This model is applied to the audiovisual speech
recognition of the 10 French vowels with noisy data.
With this model, each information stream (data or
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knowledge) is given some confidence values before
making fusion (combination of informations).

The rest of the paper is organized as follows: section 2
recalls the basics of the FSFM. Section 3 describes the
implementation of FSFM. Section 4 describes our
audiovisual database. Section 5 discusses of our
experiences and results. Section 6 gives a conclusion
and a future direction for our study.

2. METHODOLOGY
2.1. Model Overview

Acoustic Data

Visual Data
Figure 1: AudioVisual Data Fusion using the FSFM.

Fig. 1 shows the general overview of the model. Firstly,
Acoustic and Visual Data are processed with a set of
fuzzy filters. Then, the outputs of these filters are
integrated using a fusion module which is adjusted

throught the two parameters 8 and ¥ defined below.

2.2 Formal basis

At the core of the FSFM is the notion of Fuzzy
Shape Filter (FSF) defined as a parametric description of
a shape (e.g. circle, trapeze, etc.). Let the i-th FSF be
defined by the ordered set :

FSF, ={(I).,‘P.(X ,q).)}where

i P i\ n’
X =(x X oyttt X )EINis the n-th pattern
n nl’"n2> *"nN P
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(Dn =[q)nl’q)n2’”

some p adjustable parameters associated with the n-th
FSF, and 0< ‘Pi(Xn,fbi) <1 is a membership

function which measures the degree at which the n-th
pattern belongs to the FISF; . Throught this paper it will

-y (- ) y)

n
where f is defined as either the severe, indulgent or

. (I)p j € SKP represents

be assumed that

\Pi (Xn’q)i)

compromise behaviour operator [10] corresponding
respectively to min, max or to product operators. ¥ is a

smoothness parameter. E.g. the product operator is
defined as

L if xy=1
f,y)=<x if 0<xy<1
0 if xy<o0

Note that for a ¥ of 1, we get a binary classification.

Intermediate values lead to some smoothed decision
boundaries.

The first processing step in FSFM involves
training a set of FSF, . This means that a given FSF,

will adapt its parameters @, thanks to a processus of

contraction/expansion  [2]. For controlling the
granularity of the input space, each FSF which gets the
highest value must satisfy to a constraint of modification
expressed as: ‘¥, < 0. 0 measures the "coarseness” of

the clustering of the input space.
The second step, implements the association of the
trained FSF, outputs (which are considered as some

categorical Data) with the target classes of the
conceptual space (i.e. vowel class). This is achieved by
minimizing the following error:

where L represents the number of data vectors built
from the FSF outputs ‘¥, ( X, P, ) , NC the number of

FSFs, C ; the target class and C ; its estimate.

This error can be minimized in various ways: Least
Square technics [7], Mean Square Error [7, 11]. In this
sequel, the gradient descent is applied to a
backpropagation neural network. This gives us more
flexibility for the combination of the initial shapes since
a three-layered backprop net is able to approximate any
continuous function [8].
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3. DESIGNING FSFM

There are two steps for designing FSFM. Firstly,
fuzzy operators are selected to describe some strong
evidences of patterns (called shapes) observed in the

input data.
ZJ\S

Fig. 2: Example of a fuzzy rule designed in the visual
space: A,B,S are the three lip parameters. They are
projected here onto the (A,B) plane in order to obtain a
Juzzy cluster AC for the vowel a.

Fig. 2 shows an example of a shape in the visual space: a
trapezoidal shape is used to describe a cluster for
identifying the vowel a. This step is easily achieved by
using some elementary operators which were well
documented in the fuzzy logic litterature [1].

Secondly a process of incremental training is achieved
with a subset of the training corpora (see [5]). In the
following experiments, half of 1000 audiovisual items
are used as the training set and the other half as test set.
Both sets are noise corrupted with a gaussian noise (for
an SNR of 0 db, 6 db, 12 db, 18 db) and thereafter
transformed into acoustic vectors.

For a comparison purpose, we tested the well-
known Kohonen feature extractor on the same data.
Kohonen's feature extractor is firstly run with a 12x12
map, a learning rate of 0.05 and a buble kernel, and
secondly, with 20x10 map, a learning rate of 0.05 and
also a buble kernel. These two experiments are
respectively identified as KN1 and KN2. FA represents
the FSFM trained on audio data only.

4. AUDIOVISUAL DATABASE

Each of the 10 French vowels /aee i @oougy/

was pronounced 34 times in isolation by a single speaker
in a single recording session. The vowel order was
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random. The speaker was asked to pronounce sustained
vowels, so that the duration of each stimulus was at leas
900 ms. Then, each vowel was analyzed at three
temporal positions (namely, 40ms, 240ms and 440ms
from their beginning) automaticaly detected by
thresholding of acoustic energy. Finally 3x34 = 102
« realizations » of each vowel were obtained and the
first 100 ones are kept for further analysis. This gave us
a set of 1000 audio-visual items.

Each item consists of an auditory signal, digitally
sampled at 16 Khz, and a video signal of the speaker’s
face filmed and processed with a « video-speech »
workstation which also performs the digital processing
of facial images and the automatic extraction of lip
shape parameters [9, 10]. Auditory input for each
utterance is processed using a Perceptual Linear

Predictive analysis [3] which has been shown to be
coherent with what is known about a human auditory

system.

As inputs to the fuzzy model, the auditory channel
gives an acoustic vector of 5 real values and the visual
input leaves us 3 real values. Those latter values
correspond respectively to the vertical and horizontal
widths of the lip and to the lip-opening area. Finally the
outputs of the fuzzy filters are combined using a
backpropagation neural network [5].

100
80
60

40
20

0 T L) 1 1
0db 6 db 12db 18 db

Figure 3: Comparison of FSFM (Fuzzy Shape Filters
Model) and Kohonen self organizing map: KNI and
KN2 correspond to two different settings of the training
parameters. Each one is close to other and therefore our
choice of parameter seem optimal. FA is the FSFM
trained only on acoustic data.

5. RESULTS AND DISCUSSIONS

The first experiment measures the performance of
FSFM for the task of classification. In Fig. 3, results
comparing FSFM to the Kohonen are shown. As can be
seen, the fuzzy model performs as better as the kohonen
model for the high values of the Signal to Noise Ratio
(95% for recognition rate at 18 dB) and improves about
10% for low SNR values. Note that KN1 and KN2 are
close one to another meaning that our choice of the
training parameters is optimal for our experiment. We
retrieve results obtained by others [5, 11]: training with
audio only leads to lower results than other methods (FA
compared to KN1,KN2, and FSFM).
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The second experiment concerns the ability of the
FSFM approach to give different confidence values to
the two streams of information (auditory and visual).
The abscissa indicates the SNR at which the FSEM is
tested for generalization. In Fig. 4a, we use Y = 0.7,

and therefore, decision boundaries are very close to the
binary decisions. For a training performed at 6 dB,
FSFM achieves better results when tested at the same
SNR. This is a typical problem for
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Figure 4: Through the variation of the smoothness
parameterY , one can deafen the noise effect. For the

high value of Y , the system performs well on the test set

prepared with the same SNR as that of training (a). In
(b), Y takes a lower value and this leads to some

improvements in order of 2-3%.

automatic speech recognition systems: they perform
quite well when they are tested under the same
conditions as those of training.

In Fig. 4b, without retraining but takingy = 0.6,

FSFM gives smoothed shapes. One can notice that for
the same SNR 6 db, FSFM generalizes better. For
example tested at 18 dB, FSFM achieves better results
(75%) than those obtained for ¥ = 0.7 (70%).

The final experiment analyzes the features
extracted by the FSFM. Fig. 5 shows FSFM ouputs for a
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great B value. This leads to a reduced number of FSFs
for analyzing data and thus, FSFM does not take care of
the details in the data (e.g. for the visual path only 2
FSFs are used, one for discriminating between the front
and back vowel sets and the second for discriminating
vowels in each set).
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Figure 5: The outputs of FSFM, there are 3 FSF outputs
for the auditory path (a), 2 FSF outputs for the visual
path (b). Results are obtained with 0 =0.65 and

Y = 0.6. The abscissa axe represents from I1-10, the 10
vowels/aeci®oouoy.

6. CONCLUSION

We described a two-fold fusion strategy for
making audiovisual speech recognition: a pre-
categorization in terms of FSF outputs, and an
interpretation of these outputs as conceptual objets using
a backpropagation neural network. This solution offers a
great flexibility for giving different confidence values to
multiple Data and Knowledge streams for the fusion.

The described method is applied to Audio-Visual
Vowel Recognition in adverse conditions. The results
we obtained demonstrate both a great flexibilty for
making various association between a set of physical
measurements of some target conceptual objets through
incremental training and non-linear composition of FSF
outputs. Indeed, a rate of 63-95% right recognition is
obtained for an SNR ranging between 0-18 db.

Althought those results are quite encouraging,
many problems need to be addressed in the future: how
can we adapt the confidence values dynamically ? How
can we select the fuzzy operators more optimally ? We
plan to tackle these problems by inspiring of what is
proposed by Sugeno [12].
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