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ABSTRACT

In this article we describe an application of neural-fuzzy
networks to phonetic features recognition over the
telephone. We first give a short description of our
neural-fuzzy system and talk about knowledge inctuded
in it. The advantages of such a combination and its use
for helping deaf and hard of hearing people in lip
reading are then shortly described. We then present the
cases processed for the recognition of the following
phonetic features : consonant/vowel, voiced/unvoiced,
nasality.

1. INTRODUCTION

Deaf people who read on lips are able to restore about
50% of the information thanks to the observation of the
motions of their speaker's lips. Lip-reading is not easy
and is sometimes ambiguous, because of the existence of
double lip form for some sounds. In French we have two
groups of double lip forms : seven forms for consonants
and three for vowels, but these forms are distinct in each
group. .

For example, in French the consonants &, p, m have the
same lip form. Another lip form for consonants is
formed by the phonemes ¢, d, n. The two lip forms are
different, so to help a deaf person to make the
distinction between b, p, m and also between £, d, n we
detect the phonetic features.

In the case of b, p, m as in the case of £, d, n the
phonetic features needed are voiced/unvoiced and
nasality. We must also specify if the lip form is that of a
vowel or a consonant.

The aim of our application is to give this type of
additional information based on phonetic features
recognition. In fact, we want to present simultaneously
on the screen of a multimedia communication system
the phonetic features detected and the corresponding lip
form.

In our study we integrated rules of the knowledge-based
system KEAL [1] in a neural architectare. This neural
structure is a neural-fuzzy network developed by P.Y.
Glorennec and K. Wolinski at IRISA [2].
We used this system to distinguish between the
following features :

- consonant/vowel
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- voiced/unvoiced
- nasality

2. NEURAL-FUZZY SYSTEM

The fuzzy logic introduced by Zadeh [3] is based on the
notion of membership function.

The domain X of a variable x, x € X, can be divided into
subsets, 4;, each of which is characterised by a member
function p,ix—>p, () e[01]. p,(x) is the

membership value of x to set 4; (Fig. 1).

x X

Fig. 1. Fonctions p, ,u,, and p, memberships
Ha (), Pa, () and py, (x)

In general, knowledge is expressed in the form of rules :
rule i: if p, (x;)... and p, (x,) then pp ()
where x; are input variables, y the output variable, 4;

and B,, fuzzy subsets.
In KEAL pp(y) are real values. We evaluate the

conditions fulfilled by an input vector composed of
linear combinations of filter bank energies provided by a
14-channel vocoder (400-3400Hz range). ~ The
membership functions are sigmoidal. To obtain the
membership values, we use neurons whose activation
functions are sigmoidal functions.

The neural-fuzzy system used makes it possible to
include in the network some elements of the knowledge
at our disposal in KEAL. It is also possible to change
the parameters of these rules using a modified learning
backpropagation algorithm (the modification of this
algorithm is due to the presence of fuzzy elements in the
network).

For each rule, we evaluate the truth value o;
oL =AND{uA” (1) Ky, (X;)} where AND is a
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conjunction operator in multi-valued logic (the OR
operator is not used in the available rules). For the
conjunction operator we take the Lukasiewicz’s
conjunction : AND(A, B) = Max(0,p 4 (x) +ug(y)—1)

This expression can be expressed by a neuron whose
weight vector is (1,1,-1), with an activation function x
— Max(0,x). But, this function cannot be derived at
Zero, so it is approximated it using a sigmoidal function

(Fig. 2)

Fig. 2. approximation of x — Max(0,x)

b must satistfy 3(0)=1-)(1)=€. With € = 0.056, the
function x — S¢x) is such that:
SUD,,of_y ]| Max(0,x) - S(x)| = 0.056 =

_ €
2Log(l1—-¢)
In this case, the truth value of a rule is implemented by
an "ordinary" meuron whose weight vector is (1/b,1/b.-
1.5/b) and whose activation function is a sigmoidal
function.
To obtain the conclusion value we use the "center of

gravity" method : yq =20c,-w,- / Zoci .

In this case the output neuron is not "standard" in that it
calculates the center of gravity of its inputs. The
backpropagation learning algorithm must be modified to

manage this "special" function [5]. This system could be
represented by a neural structure (Fig. 3).

=0177

LB

Layer 1 2 3 4

Fig. 3. Neural-fuzzy network

In this architecture each layer plays a particular role. It
is a universal approximator [2]. Using the modified
backpropagation algorithm we update the weights of the
network, keeping the physical meaning of each weight.
The weights between the input layer and the second
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layer implement the evaluation of membership values.
The weights between layers 2 and 3 implement the
calculation of truth values and the weights between
layers 3 and 4 give the evaluation of cach individual
rule.

3. TESTS

The tests were conducted on the CNET "Tregor"
telephone database which consists of a 36-word
vocabulary uttered by 760 speakers. The tests are
speaker independent. The phonemes borders and their
labels are delivered by an HMM [4]. For learning we
use the well-known backpropagation algorithm, which
was slightly modified due to fuzzy elements [5, 6], with
a cross-validation set.

The results obtained for the voiced-unvoiced distinction
are similar to those obtained over the same data with a
T.D.N.N. (Time Delay Neural Network) [7, 8]

3.1 Consonant/vowel separation

Seven cases are evaluated. In cases 1, 5, 6, 7 the weights
are first learned using a network with full
interconnection between layers 2 and 3 (these weights
implement the evaluation of the truth values, but with
full interconnection we cannot talk of the physical
meaning of these weights, see section 2). After the
learning phase has converged we use a simple procedure
to prune the network [9] and recover a network with »
rules. In cases 1, 2, 3, 4 we have 26 rules and in cases 6,
7 we have 35 rules.

1. The input coefficients are filter bank encrgies
provided by a 14-channel vocoder. The membership
functions are gaussian functions uniformely distributed
over the range of these energies.

2. We take the input coefficients from KEAL, which
are linear combinations of filter bank energies provided
by a 14-channel vocoder. We also use rules directly
taken from the knowledge base. The membership
functions are gaussian.

3. We proceed as above but in this case the
membership functions are sigmoidal (as in KEAL
rules). :

4. We also use the KEAL rules directly taken from
the knowledge base with sigmoidal membership
function but here temporal rules also taken from the
knowledge base are added.

S. The input coefficients are filter bank energies
provided by a 14-channel vocoder, their first and second
derivatives. '

6. The input vector is the same as in case 5 but here
we have a network with 35 rules.

7. We have the same network as in case 5 but 9
temporal rules are added. The weight attached to these
rules are fixed during the learning phase (35 rules).

Considering cases 2 and 3 in table 2 (22.7% (mean
value) and 21.2% (mean value)) we may say that
respecting the shape of the membership functions is
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indeed a gain. The choice of the input vector seems to
have some influence (cases 1 and 3 where we have
21.8% (mean value) and 21.2% (mean value)).

The added temporal rules (cases 4 and 7) that take the
changing of some calculated coefficients into account is
also a gain for the error rate (case 4 : 18.5% (mean
value), case 7 : 12.8% (mean value)). These rules are
segmental and concern the evolution of the maximum
and minimum energy on a temporal 18 frame window
centered on the current frame.

These rules are in fact the most important criterion in
KEAL for the consonant/vowel distinction and we
decided to use an input vector composed of filter bank
energies provided by a 14-channel vocoder, their first
and second derivatives.

Case 5 gives the error rate with this input vector and 26
rules (14.7% (mean value)) and case 6 with 35 rules
(14.3% (mean value)).

The most interesting case is case 7 (12.8% (mean
value)) where we have a network using the filter bank
energies provided by a 14-channel vocoder, their first
and second derivatives and also the temporal rules taken
from KEAL.

We can say that using only the spectral KEAL
coefficients does not seem to be the optimal solution in
the case of the consonant/vowel separation. In fact these
coefficients are calculated from filter bank energies
provided by a 14-channel vocoder. They are generally
lincar combinations of these energies and essentially
concern the current frame. The temporal aspect of the
problem is only taken into account by temporal rules
which are in fact the most important criteria for the
consonant/vowel separation.

When using the first and second derivatives of the filter
bank energies provided by a 14-channel vocoder, we add
some complementary information about this temporal
aspect. The lowest error rates are obtained with the filter
bank energies provided by a 14-channel vocoder, their
first and second derivatives and also the temporal rules
taken from KEAL (table 2, case 7 : 12,8% (mean
value)).

3.2 Voiced-unvoiced distinction

In our network 4 cases arc evaluated for the voiced-
unvoiced distinction.

1. The first one is the use of KEAL rules directly
taken from the knowledge base (membership functions,
L, conjunctions and w; values) We use 4 rules for the

voiced feature and 4 for the unvoiced feature. The w;
coefficients are fixed and are not modified during the
learning phase. The membership functions are the only
parameters modified by the learning algorithm. 16
parameters out of 24 are modified.

2. In the second case we take the input coefficients
from KEAL, which are linear combinations of filter
bank energies provided by a 14-channel vocoder. We
first learn the weights using a network with full
interconnection between layers 2 and 3 (these weights
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implement the evaluation of the truth values, but with
full interconnection we cannot talk of the physical
meaning of these weights, see section 2). After the
Iearning phase has converged we use a simple procedure
to prune the network [9] and recover a network with &
rules.

The fuzzy neural two-way procedure was mentioned in
[10]. Its interest lies in that it makes it possible to :

- initialize a neural network by introducing a possible a
priori knowledge, which facilitates learning.

- extract knowledge in the form of fuzzy rules.

Here we let the network "discover" the most important
combinations of the membership values.

3. We proceed as above but in this case the input
cocfficients are filter bank energies provided by a 14-
channel vocoder, their first and second derivatives.

4. The same procedure is used but two
cocfficients used in KEAL to distinguish the unvoiced
feature are added to the input vector.

3.3 Nasality

In each of the 4 cases we have a network with 25 rules.
1. KEAL rules are directly taken from the
knowledge base (membership functions, U,

conjunctions and w; values). These parameters are
modified during the learning phase.

2. In the second case we take the input coefficients
from KEAL, which are :

- the spectral centres of gravity corresponding to the
first, second and third formant.

- the formants amplitudes,

- the maximum of energies in the selected frequency
bandwidths.

At first the weights are learned using a network with
full interconnection between layers 2 and 3 (these
weights implement the evaluation of the truth values,
but with full interconnection we cannot talk of the
physical meaning of these weights, see section 2). After
the learning phase has converged we prune the network
[9] and recover a network with 25 rules.

Here we let the network "discover" the most important
combinations of the membership values.

3. We proceed as above but in this case the input
coefficients are filter bank energies provided by a 14-
channel vocoder, their first and second derivatives.

4. The same procedure is used but the coefficients
used in KEAL to distinguish the nasality feature of the
consonants (cases 1 and 2) are added to the input vector.

4. RESULTS
case voiced/unvoiced p/b distinction
1 [11.2%; 13%)] [12.3%; 12.9%]

[11.5%; 13.3%] [14.3%; 14.9%]

[13.6%; 15.51% [21.4%; 22.2%)]

W

[11.6%; 13.4%] [13.1%; 13.8%]

table 1. results of voiced-unvoiced distinction
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case consonant/vowel
1 [20.8%:; 23.5%)]
2 [21%; 24.4%)]
3 [19.5%; 22.9%}
4 [16.9%; 20.1%)]
5 [13.2%; 16.2%]
6 [12.8%; 15.8%]
7 [11.4%; 14.2%}

table 2. results of consonant/vowel separation

case nasality
1 [12.6%; 14.8%]
2 j11.2%; 13.2%]
3 [13.2%; 15.4%]
4 [10.9%; 12.9%]

table 3. nasality for consonants
The results are given with a 5% confidence interval.
5. CONCLUSION

Considering the results of voiced/unvoiced distinction, it
seems that using coefficients from a knowledge base
improve the distinction rate. But the most interesting
point is that the network directly using the rules from
KEAL, with fixed weights attached to the conclusion, is
the most relevant for the voiced/unvoiced feature (case
D).

It is also the network that best extract the relevant
features for the voiced-unvoiced distinction. It has the
lowest error rate for the p/b recognition test with a
learning phasc on voiced-unvoiced distinction (the
phonemes p and b can be only separated thanks the
voiced feature of b and the unvoiced feature of p).

The results obtained for the consonant/vowel distinction
show that, in this case, the lowest error rates are
obtained using a "hybrid" network “with knowledge
taken directly from a knowledge base (KEAL) and rules
"discovered" by the network itself.

It seems that the higher level rules, namely the temporal
rules in our case, are not easy to find by the network
itself. In addition, a combination of a pruned network
with some higher level rules can significantly improve
the performance of the neural-fuzzy system (this gives
the best results for this feature, i.e. 12% or 7% if r and ¢
were included in the consonant and in the vowel class as
they are effectively in KEAL)

For the nasality feature, as in the case of the
consonant/vowel separation, the lowest error rate is
obtained in the "hybrid" network (case 4).

For the phonetic features tested in our study it seems
that the using additional coefficients or rules taken from
a knowledge base can improve the error rates.
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It is especially true for higher level rules such as the
segmental rules wused for the consonant/vowel
distinction. We can say that the higher the level of
complexity of the added coefficients or rules, the lower
the error rate.

The main advantage of the neural-fuzzy network is
without doubt its capacity to include a priori knowledge
in the architecture. All the elements of the network have
a physical meaning. Observing of the coefficients
affected to the rules and their membership functions at
the end of the learning phase makes it possible to know
which rules arc the most important for the present
application.

We are presently working on other phonetic features. A
PC version of our system is also under study. It will be
evaluated with deaf persons in the next few months.
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