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ABSTRACT

A new criterion for speech frame classification based on Fuzzy
Logic is presented. An algorithm which correctly
discriminates between sounds allows a better trade-off
between quality and bit rate in the recent generation of
vocoders. Extracting from speech waveforms a set of
significant parameters for voiced/unvoiced classification, we
trained a Fuzzy Voicing Detector (FVD) system, obtaining a
fuzzy knowledge base of only 5 rules.

The new voicing system has certain advantages over the main
Voicing Determination Algorithms (VDAs). With a
notoriously low level of complexity, on account of its fuzzy
nature, the FVD is extremely robust and maintains good
performance even in the presence of background noise.

1. INTRODUCTION
Currently one of the main aims in the field of speech coding is
to code voice at rates of below 4 kb/s, maintaining a high
perceived quality.
The most promising techniques in this new trend are those
based on recent generations of vocoders, such as Sinusoidal
Transform Coding (STC) and MultiBand Excitation (MBE)
coding.
One of the most important problems in these emerging very
low bit-rate coding schemes is to adapt the appropriate speech
coding model to the local characteristics of the speech
waveform by discriminating between voiced and unvoiced
sounds. Correct voicing, in fact, is a crucial point in the
perceived quality and naturalness of a speech coding system.
An algorithm which correctly discriminates between sounds
allows one to: a) associate the appropriate signal excitation to

_ the Linear Predictive Coding (LPC) filter, thus enhancing the

quality of the synthesized voice signal; b) better identity the
lexical candidates in word recognition, c) improve the
performance of phoneme boundary detection in speech
synthesis [1].

In addition, 4 good phonetic classifier may have the advantage
of reducing the mean bit rate in future generations of the
Universal Mobile Telephone System (UMTS), which foresee
variable bit-rate speech coding [2] [3].

The paper presents a new approach to voiced/unvoiced speech
discrimination based on Fuzzy Logic (FL) [4]. Fuzzy logic is
an emerging discipline in the field of expert systems which is
arousing increasing interest in various application areas such
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as process control [5], robotics, telecommunications, Hw-Sw
codesign [6], signal processing {7][8], nuclear physics [9] and
so on. Fuzzy logic is a "soft computing” technique which was '
devised to deal with problems requiring approximate rather
than exact solutions [10].

In general, fuzzy systems are suitable for uncertain or
approximate reasoning and allow a problem to be represented
through descriptive or qualitative expressions, in a more
natural way than mathematical equations. For complex
problems or applications, which involve human descriptive or
intuitive thinking, FL gives better performance without an
excessive computational load.

The technique proposed has certain advantages over the main
Voicing Determination Algorithms (VDAs) [11-14], which are
based on either simple threshold analysis algorithms or more
complex algorithms based on pattern recognition methods.
Having identified the significant parameters in the speech
frame for voiced/unvoiced classification and having generated
a suitable series of patterns, we trained a Fuzzy Voicing
Detector (FVD) system.

From a series of tests for correct discrimination between
voiced and unvoiced frames, we observed that the solution
proposed gives better performance than classical analysis
methods based on acoustic signals only [11] {12], and similar
performance to the most efficient two-channel-based
algorithms that use both speech and electroglottogram (EGG)
signals [13].

Another advantage of the method proposed is that the FVD
could be trained for discrimination into several categories,
thus allowing a more refined classification of voice frames.

In the following sections, after a brief presentation of the
problem being dealt with, we will outline the basic concepts
of soft computing, describe the algorithm used to extract the
fuzzy rules, and lastly give a detailed description of the Fuzzy
Voicing Detector proposed. The final section, which reports
on the tests performed and the results obtained, points out
further interesting developments in this field.

2. VOICING DETECTION

An ideal VDA discriminates between voiced and unvoiced
classes in various operating conditions as a wide range of
speakers and several acoustic noise environments.

The reasons for possible misclassification errors on the part of
VDASs may be different and even contradictory. In general, as
they are not very robust in the presence of a high level of
background noise, they cause voiced to unvoiced errors, which
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degrade the speech quality, whereas unvoiced to voiced errors
involve a higher coding rate. These algorithms also need to
determine empirically various threshold values to establish the
decision levels.

The seven parameters identified for our voiced/unvoiced
classification are calculated in a window of 80 speech samples
(a 10-ms frame, sampling at 8kHz) and are as follows: the
normalized first autocorrelation coetlicient p(l) and error
prediction Ep normalized with respect to the energy level, the
first coefficient a; of the LPC filter, the zero crossing rate
ZCR which indicates the dominant spectral concentration in
the speech signal, the number of maximum and minimum in
the frame ZCRd (i.e. the zero crossing rate of the differential
speech signal), the energy level E and the pitch gain b.

Several of the inputs used, therefore, are parameters already
calculated in other speech coding procedures and thus do not
involve an increase in complexity.

Our system, with a notoriously low level of complexity on
account of its fuzzy nature, is extremely robust, maintaining
good performance even in the presence of background noise.
As we will see below, the new fuzzy voicing detector correctly
classifies typically difficult sounds, such as very low-energy
voiced sounds and high-energy unvoiced plosives, thus
producing speech with greater clarity and quality.

3. ABRIEF RECALL ON SOFT COMPUTING

3.1. Genetic Algorithms

Genetic Algorithms (GAs) are an artificial evolution of
virtual individuals, selected by means of a Fitness Function. In
practice, GAs are a robust way to search for the global
optimum of a generic function with several variables which is
very flexible and not sensitive to the classical problem of local
optimum. Genetic algorithms are essentially based on three
operators: reproduction, crossover and mutation. The flow of
a classic genetic algorithm can be simply explained as follows:

end while:

Figure 1: Classical GA flow.
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The individuals in the population PTEMPA come from the
probabilistic selection of the individuals in the population P(t)
with the greatest fitness (reproduction operator). The
crossover operator applied to two chromosomes (parents)
creates offspring using the genes of both. Lastly each single
bit of a generic individual will be inverted with a probability
of pm (mutation aperator).

3.2. Fuzzy Logic

Fuzzy Logic is based on the concepts of linguistic variables
and fuzzy sets. A fuzzy set in a universe of discourse (%) is
characterized by a membership function () which assumes
values in the interval [0,1]. A fuzzy set F is represented as a
set of ordered pairs, each made up of a generic element €%
and its degree of membership m («).

A linguistic variable X is characterized by set of names (ferm
set) the linguistic variable x can assume. If, for instance, x
indicates a temperature, the term set could be (Low, Wedium,
Bigh).

The rules governing a fuzzy system are often written using
linguistic expressions which formalize the empirical rules by
means of which a human operator is able to describe the
process in question using his own experience.

IF (x is LOW) OR (y is LOW) THEN (z is MEDIUM)
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Figure 2: Inferential procedure using MIN-MAX method.

In general in a fuzzy conditional rule, if premise then
conclusion, the premise is made up of a statement in which
fuzzy predicates Pj (antecedents) of the general form (Xj is
Aj) are combined by different operators such as the fuzzy
operators AND and OR. To apply an inference method to the
conclusion, it is first necessary to assess the degree of
membership 0 of the premise, through assessment of the
degrees of membership a; of each predicate P; in the premise.
The membership degree q; is calculated by making an
intersection between the fuzzy value of X; and the fuzzy set A;
and choosing the maximum value of membership. The degree
of membership, 8, of the premise can thus be calculated by
assessing the fuzzy operations on the predicates. Once the
value of 8 is known, an inference method, in our case center
of area [10], can be applied to assess the conclusion.
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3.3. Implementation of the GA to Extract Fuzzy
Rules Starting from Examples

Each individual in the genetic population is a set of R fuzzy
rules; in turn, each rule comprises I inputs (antecedents) and
O outputs (consequents) represented by an equal number of
fuzzy sets connected by the fuzzy operater AND. The
membership functions are Gaussians in the form:

So every fuzzy set can be characterized by the centre ¢ and the
variance G.

Every element in the grid is therefore an individual whose
genetic heritage is made up of the sequence of I inputs and O
outputs for all the R rules, giving a total of (/ + O)R fuzzy
sets.

In order to enhance performance in terms of execution time
and minimization of genetic algorithm error, an equivalent
neural network has been associated to processing of the fuzzy
rules. The resulting network is a three-layered one.

Therefore the mixture of genetic algorithms and neural
networks generates a Fuzzy Inference (FI), i.e. fuzzy rules and
tuned membership functions.

4. FVD DESCRIPTION
Like Artificial Neural Networks (ANNs), the tool described
above learns by examples. There is, however, a substantial
difference in the representation of the knowledge acquired
during the learning phase.
Whereas with backpropagation learning in a multilayer
perceptron there is no way of analyzing the information

acquired, with FL an easily comprehensible linguistic

representation is available.

This tool supplies reliable data when an adequate number of
significant examples are provided and it is sized correctly.
The examples allow a knowledge base to be extracted and
correct voicing detection to be predicted. Of course the size of
the FI (number of rules) affects its leaming capacity, like
ANNSs. Too large an FI (too high a number of rules), in fact,
can learn correctly but may have a poor capacity for
generalization (overfitting), while too small an FI may
improve performance in terms of generalization but may have
a poor capacity for learning the examples. Of course, the input
parameters used must be significant. That is, they have to
guarantee correct classification.

A problem that may arise concerns the number of inputs. On
the one hand, in fact, the tool may not be able to learn when
there are too few, and on the other it may learn by heart (poor
generalization capability) when there are too many.

In our system, 363 examples were used to create the expert
system's knowledge base (learning set) and 57 were used to
test its generalization capability (test set). The FVD generated
correctly classified all the learning and test data, thus correctly
generalizing rather than learning by heart.

Figure 3 shows the fuzzy rules that the program extrapolated
from the examples.
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Figure 3: FVD rules.

They can be interpreted as follows. In the five rows we have
the rules, in the first 7 columns the seven fuzzy system inputs,
and in the last column the output. The figures for the inputs
are all fuzzy sets. When one is missing it means that the
corresponding input is missing in that rule. Each of the fuzzy
sets represented has the Universe of Discourse Uj
corresponding to the relative input on the abscissa (Figure 4).

Naturally, on the y-axis in Figure 3 (ordinate) we have the
truth values ([0,1]). As far as the premises of the rules are
concerned, we assumed all the connectors to be ANDs. So the
premise of rule 1, for example, is:

(x1 is FS1) AND (x5 is FS5) AND (x6 is FSg)

where x; indicates the i-th input and FS; the corresponding
Fuzzy Set, shown in Figure 3 in the first row (first rule), i-th
column (i-th input). As regards the conclusion, we only have
crisp numerical values. The numerical output value will be
equal to the value in the Universe of Discourse corresponding
to the maximum of the Gaussians represented in the last
column. The sigmas of the Gaussians in this column represent
the weight to be attributed to the corresponding rules.
Analyzing the rules according to the concept of linguistic
variable, for example, the third rule can be interpreted as
follows:

“If the autocorrelation value is medium, the energy is high
and the prediction error is low then the output is high”, i.e.
the speech frame is voiced.

All the other rules can be interpreted in the same way. It
should, however, be remembered, that the FVD output
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depends on the individual contribution of all the rules,
according to the defuzzification process outlined previously.
At the end of the training phase the tool automatically
climinates redundant inputs in the output prediction. In the
tuzzy knowledge base of the FVD presented here, for
example, the input relating to the first LPC coefficient was
automatically eliminated (the third column is missing in Fig.
3) and a total of only 5 rules was obtained.

. RESULTS AND CONCLUSIONS
We tested the system in the same conditions as reported in
[13], using the same five sentences. The seven parameters,
used as learning patterns in the training phase, were measured
for several voiced and unvoiced wavetorm segments, manually
extracted from a speech database of two male and two female
speakers.
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Figure 5: (a) Wavetorm; (b) FVD output; (¢) Binary output.
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Figure 6: Zoom onto some parts of figure 5.
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After the training phase 0% misclassification rates were
obtained for both the learning and testing patterns, while a
series of tests gave error frequencies of less than 1%.

Figure 5 shows: (a) the waveform for the sentence "Should we
chase those cowboys?"; (b) the FVD output, ranging between
0 and 1; (c) the binary output in which the high or low level
represents a voiced or unvoiced speech segment respectively,
according to whether the FVD output is above or below a
threshold of 0.5. The output of our FVD therefore indicates
for example the degree of membership in the voiced class. A
value close to 1 indicates that the frame in question belongs to
the class of voiced sounds, whereas a value close to zero
indicates an unvoiced sound. The performance of the FVD can
be appreciated better by observing Fig. 6, which gives a zoom
onto some parts of the same waveform.

Having a continuous output between zero and one is a
considerable advantage as compared with conventional
techniques which base decisions on the exceeding of certain
pre-established thresholds and put out a Boolean variable. In
fact the FVD output also presents parts, corresponding to
transition regions, with intermediate values which could be
identified as mixed regions. We are currently preparing a
series of tests to train the fuzzy system to recognise mixed
wavetorm regions besides voiced and unvoiced ones.

References

[1] W. J. Hess, "Pitch and Voicing Determination”, Advances in
Speech Signal Processing edited by Sadaoki Furui, M. Mohan
Sondhi; pp. 3-48 Dekker 1992.

[2] E. Paksoy, K. Srinivasan, A. Gersho "Variable Bit-Rate CELP
Coding of Speech with Phonetic Classification”, European Trans.
on Telecommunications, vol. 5, pp. 591-601, Sept-Oct 1994.

[31 L. Cellario, D. Sereno "CELP Coding at Variable Rate”, European
Trans. on Telecommunications, vol. 5, pp. 603-613, Sept-Oct 1994.

[4] RR Yager, S. Ovchinnikov, R.M. Tong, H.T. Nguyen “Fuzzy Sets
And Applications: Select Papers by LA. Zadeh"

[5] CC:lee “Fuzzy Logic in Control Systems, Fuzzy Logic
Controller”, IEEE Tr. on Syst. and Amb Contr., no.2 , 1990.

[6] V. Catania, N. Fiorito, M. Malgeri and M. Russo "4 Soft Computing
Approach To Hardware-Software Codesign”, 5-th Great Lakes
Symposyum on VLSI, Buffalo, New York March 16-18, 1995,

{71 Kaoru Arakawa “Fuzzy Rule-Based Signal Processing and Its Appl.
to Image Restoration” IEEE JSAC, Vol. 12, No. 9, Dec. 1994.

[8] F. Beritelli, S. Casale, M. Russo “Robust Phase Reversal Tone
Detection Using Soft Computing”, to be published on Int. Symp.
on Uncertainty Modeling and Analysis - North American Fuzzy
Information Processing Society ISUMA-NAFIPS °95).

[9] L D’Antone, E. Gandolfi, M. Masetti, C. Vitullo "4 Fuzzy System to
Detect and Count Parallel Noised Tracks”, 1994 ACM Symp. on
Appl. Comp: Track on Fuzzy Logic in Application, Phoenix,
Arizona, mar. 6-8, 1994.

[10]Lotfi A. Zadeh "Fuzzy Logic, Neural Networks, and Soft
Computing", Comm. of the ACM, March 1994, vol. 37, No. 3.

[11]B. S. Atal, L. R. Rabiner, "4 pattern recognition approach to
voiced-unvoiced-silence classification with application to speech
recognition”, IEEE Trans. Acoust., Speech; Signal Processing, vol.
ASSP 24, pp. 201-212, June 1976.

[12]L. R. Rabiner and R. W. Schafer, "Digital Processing of Speech
Signal, " Prentice-Hall, Inc., Englewood Cliffs, New Jersey, 1978.
[13]D. G. Childers, M. Hahn, J. N. Larar, "Silent and
Voiced/Unvoiced/Mixed Excitation (Four-Way) Classification of
Speech”, IEEE Trans. Acoust., Speech, Signal Processing, vol.

ASSP 37, pp. 1771-1774, Nov. 1989.

[14]L. J. Siegel, A. C. Bessey, "Voiced/unvoiced/mixed excitation
classification of speech ", IEEE Trans. Acoust., Speech, Signal
Processing, vol. ASSP 30, pp. 451-460, June 1982.

392



