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ABSTRACT

The problem investigated concerns the robust estimation of fundamental period, only on
the basis of representative speech pressure waveforms. The work has involved the
design and development of a set of algorithms. The main intended application is in
pattern processing acoustic and cochlear implant hearing aids. Essentially the task is to
infer from the acoustic evidence available the points in time at which vocal fold closures
occur. Its accomplishments both gives fundamental period information on a cycle-by-

cycle basis and provides information concerning whether voicing is present.

The task of detecting the point of closure of the vocal folds is formulated as a pattern
recognition problem, and the pattern recognition technique employed uses the multi-layer
perceptron (MLP). The first system configurations investigated were based on a pre-
processing of the speech pressure waveform by a wide-band filterbank analyzer. This
gave an input to the classifier which consisted of a set of adjacent time frames from the
output of the filterbank. The output from the classifier was defined as being in one of
two classes. In the first there is a period epoch marker at a given output frame, in the
second there is not. This first classifier was trained to generate an output which
signified the presence of a vocal fold closure at the centre of its input window. The
fundamental periods between successive vocal-fold closures defined by these epoch
markers, are given the name Tx. The labelling of both training and test data was

performed semi-automatically by means of an algorithm that makes use of the output

of a laryngograph.

Developments of this first approach were then explored. These were primarily directed
towards methods for reducing the training time for the MLP and improving the time
resolution of the fundamental period estimates. Different pre-processing stages were
investigated and these included direct operation on the speech pressure waveform and
the use of a simplified auditory filterbank. Methods to reduce the computation load
required for practical implementation were examined and these resulted in a system
using a low-order filterbank together with a smaller MLP network. The last

configuration was of practical interest because it had a processing load small enough to



be run in real-time on a portable DSP system. A real-time system was implemented in
conjunction with Mr. John Walliker. First patient results using this system are reported

following perceptual assessments made by Dr. Andrew Faulkner.

A number of objective assessment techniques were developed and used to permit
quantitative comparisons between fundamental period estimation algorithms to be carried
out. These involved both quantitative comparisons between frequency contours and
between time excitation epoch markers. Using these comparisons, various different
configurations of the MLP-Tx algorithm were evaluated over a wide range of speakers
and environmental conditions. The performance of the MLP-Tx algorithm was also
compared against that of established fundamental frequency estimation algorithms, and
its performance in competing noise was found to be better than that obtainable by the

use of the peak-picking approach previously employed.
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CHAPTER 1: THE AIMS OF THE WORK
1.1 AIMS OF THE WORK
1.1.1 Speech fundamental period estimation

This work is concerned with the design and development of an algorithm (MLP-Tx) that
can perform speech fundamental period estimation. The algorithm has been specifically
developed to perform fundamental period estimation for a signal processing hearing aid
designed by the EPI group at UCL which seeks to provide from the acoustic speech
signal an output which corresponds to that from the laryngograph (Walliker et al., 1986;
Rosen et al., 1987).

The novel aspect of the work stems from the fact that the task is formulated as a pattern
recognition problem and the MLP-Tx algorithm, based on a multi-layer perceptron
pattern classifier, was trained-by-example to perform the required task. The data that
was used to train the algorithm was composed of speech that was semi-automatically
labelled for fundamental period location using a pair of algorithms that made use of the
output of a laryngograph, which was recorded simultaneously with the speech. The
fundamental periods were delineated in terms of the closure of the vocal folds as a

function of time, as defined by the location of the maximum positive differential in the

output of the laryngograph.

One of the strengths of the MLP-Tx algorithm is that the fundamental period estimates
are made on a cycle-by-cycle basis. Consequently hregulariﬁes in vocal fold vibration
can be detected by the algorithm, whereas many other algorithms would tend to smooth
the period values. Creaky voice can be dealt with effectively using the MLP-Tx
algorithm, whereas many other algorithms treat this important larynx excitation as being

unvoiced due to its intrinsic irregularity.

Another strength of the MLP-Tx algorithm is that it operates robustly in the presence

of noise.
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The MLP-Tx algorithm is also suitable for real-time implementation because of the
simple uniform structure of the MLP, and the inherently small (about 10ms) input to
output delay. This small delay is important to prevent a lack of synchronization
between the speech signal and gestures and lip movements made by a speaker. A
practical real-time implementation for use in hearing aids for the profoundly hearing
impaired has been carried out in conjunction with John Walliker (Howard & Walliker
1989; Walliker & Howard, 1990).

There are many other applications for fundamental period estimation algorithms, some
of which are discussed below, since this an important component in the description of
vocal fold vibration. There is a genuine need for algorithms that are robust and will

operate in real environmental conditions.

It is important to be able to assess the performance of a fundamental period estimation
algorithm, so that improvements can be evaluated and so that its performance with
respect to other techniques can be gauged. To this end some work on speech

fundamental period estimation algorithm comparison techniques was also carried out.

1.1.2 Applications of speech fundamental period estimation

Cochlear implants

One application for algorithms that can perform speech fundamental period estimation
is in signal processing hearing aids (Fourcin et al., 1983). Such hearing aids are of
value to the profoundly deaf. They operate by extracting basic elements of speech and
presenting this reduced representation in a suitable format to the patient either
acoustically or directly onto the cochlea by electrical stimulation. It has been shown
that presenting voice fundamental period feature alone can be more beneficial to some
patients than presenting an amplified version of the whole speech signal (Rosen et al.,
1987). The main reason for this is that the auditory systems of this class of patients has
a very restricted channel capacity which is less than that required to encode adequately

the whole speech signal. Consequently presentation of the whole speech signal maybe
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confusing and even painful, whereas a basic fundamental period (frequency) signal can

be made much easier for the patient to interpret usefully.

In the case of single channel cochlear implants, the information from the pattern element
extractor sent into the hearing system of the patient must all be present in the one signal
(unlike in multi-channel implants). This is the approach adopted by the EPI group at
UCL (Walliker et al., 1986). The elements used by the EPI group are chosen to be
simplified aspects of speech that, when suitably coded, are matched to the residual
discriminative abilities of the patients (Fourcin, 1979; Faulkner, Ball & Fourcin, 1990;

Walliker et al., 1985).

Speech fundamental frequency is a particularly useful feature to present to the
profoundly deaf because it is almost completely invisible to the lip-reader and
consequently it provides an aid to lipreading and the development of voiced speech
production. There is particular benefit to be derived from the use of an algorithm that
can perform fundamental period estimation on a cycle-by-cycle basis for such signal
processing hearing aid applications. This is because preservation of the irregularity
present in the original speech excitation is beneficial because the patient can then hear
creaky and other irregular voice characteristics (Abberton et al., 1985). For these
applications the algorithm must run in real-time with a processing delay between input
and output should be as small as possible, and no more that a maximum of 40ms, or the
signal looses its usefulness (McGrath & Summerfield ,1985). The MLP-Tx algorithm
is therefore particularly suitable for such applications, because it possesses both of these

qualities.

Speech Coding

The transmission and storage of speech by electronic (and optical) means is very widely
carried out in modern society. The cost of the transmission and storage of a signal is
clearly dependent on the data-rate of the signal. For example the greater the data-rate
required to specify a speech signal, the fewer the speech channels that can be carried

down one telephone transmission cable. Consequently there is great interest in
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techniques in speech processing that will reduce the data-rate necessary for

communication by speech, since it reduces costs.

Much work has been carried out in the field of speech coding with the goal of reducing
the data-rate needed for speech transmission. For example especially important
contributions have been made by Dudley (1939), Gabor, (1947), Lawrence, (1953),
Schroeder (1966), and Gold & Rader, (1967). In essence, such schemes work by taking
advantage of the observation that there is a correlation between adjacent time samples
of the speech signal. Consequently it is not necessary to transmit each original data

sample, as would be the case if all the data samples were un-correlated.

Many coding schemes that aim to reduce the data-rate in the transmission of speech
assume a source-filter model of speech production and require the determination of
speech fundamental frequency (Willis, 1829; Fant, 1960). Such schemes can be
considered as speech analysis/synthesis systems, and include Gabor’s system, Dudley’s

vocoder, the channel vocoder (Flanagan, 1972) and copy synthesis (Lawrence, 1953).

Speech and Speaker Recognition

Another application of information relating to speech excitation is in automatic speech
recognition. The incorporation of such information into the recognition process has been
demonstrated as beneficial to the recognition task (Atal, 1974; Rosenberg & Sambur,
1975). In addition, fundamental period information has been shown to be useful in
speaker recognition, by both man and machine (Atal, 1972; Abberton, 1974; Abberton,
1976).

Glottal-synchronous speech analysis

The individual identification of speech fundamental period is also useful in providing
a means to carry out glottal-synchronous analysis of speech. The idea behind this
technique is that when, for example, performing a short-time spectral analysis of the

speech, the window for the analysis is selected on a period-by-period basis to include
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input over only one period, rather than using a fixed window size for the analyses. It
has been found that such an approach can give better estimates of the vocal tract transfer
function than using fixed window analysis (Hunt & Harvenberg, 1986; Pearce &
Whitaker, 1986; Hunt, Zwierzynski & Carr, 1989). To carry out this task requires the
identification of the vocal fold closure points, and this is on of the tasks performed by

the MLP-Tx algorithm.

1.2 ORGANIZATION OF THE THESIS

The body of the thesis is organized in the following manner:

Chapter 2 provides a brief discussion of acoustic, articulatory and phonetic descriptions
of the speech signal. Properties of the voice source are then examined, with particular

reference to their correlates with the output of a laryngograph.

Chapter 3 explores some of the issues involved in speech fundamental frequency and
period estimation. The basic requirements for algorithms that are to perform such a task
are discussed and these include the required frequency resolution for a given application
and the benefits of average or cycle-by-cycle estimates. A description of the different

approaches used in fundamental frequency estimation is then given.

Chapter 4 gives a more detailed discussion of the operation of some established
techniques used for speech fundamental frequency and period estimation. Among those
mentioned are the Gold-Rabiner algorithm, the SIFT algorithm, Auto-correlation analysis
and the Cepstrum algorithm. Finally, the use of the laryngograph for fundamental

period estimation is introduced.

Chapter 5 describes the detailed implementation a fundamental period estimation system
using a laryngograph. This involves an automatic analysis of the laryngograph
waveform followed by an interactive analysis of the laryngograph and speech
waveforms. This was the reference used in this thesis to provide fundamental period

excitation epoch markers used both to train and test the MLP-Tx algorithm.
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Chapter 6 describes some standard techniques for assessing the performance of speech
fundamental frequency estimation algorithms. In addition, some methods newly
developed for the present work are discussed and explained. Details of how both

established and new sets of comparisons were implemented is then given.

Chapter 7 provides a brief overview of pattern recognition. Some classical approaches
to pattern classification are discussed and these include the Nearest neighbour and k-
means classifiers, and classification based on the use of likelihood functions, such as the
Bayes’ classifier. The more recent field of artificial neural networks is then introduced.
There is then a more in-depth description of a currently popular connectionist technique,
the multi-layer Perceptron (MLP). Methods for reducing training times for the MLP are
then described.

Chapter 8 formulates speech fundamental period estimation as a pattern recognition
problem. The basic idea is discussed and qualitative results to some initial experiments

are given.

Chapter 9 investigates the problem of speech fundamental period estimation using
pattern classification in greater depth. Issues concerning input pre-processing and output
post-processing are discussed. The requirement for the appropriate databases, to train
and test the MLP-Tx algorithm, are examined. These issues are experimentally
investigated, and quantitative results are given for different system configurations. A
final set of experiments was then carried out on a different set of test data, in which
three of the best MLP-Tx algorithm configurations were compared with established

fundamental frequency estimation techniques.

Chapter 10 takes a closer look at the operation of some of the MLP networks. The
patterns of MLP weights are displayed and the intermediate node activations are given
for some of the algorithms during the process of detecting a fundamental period epoch
marker. The sources of error in the MLP-Tx algorithm are examined, to give a basis

for future improvements.
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Chapter 11 considers the problems involved of running the MLP-Tx algorithm in real-
time using a digital signal processing chip. Computational complexity is then
considered and a reduced computation algorithm is described. The effects of quantizing
the weights and using a look-up table for the sigmoid non-linearity are investigated.
Perceptual evaluation by Dr. Andrew Faulkner are then described briefly with normal
and profoundly deaf listeners of the real-time MLP-Tx algorithm in its intended role in
the EPI signal processing hearing aid. The results obtained demonstrate that the real-
time MLP-Tx algorithm outperforms the peak-picker algorithm in the presence of pink

noise.

Chapter 12 then gives a brief review of the main points emerging from the thesis.

The appendices contain other material that is appropriate to be included for reference
purposes, but constitutes extra information that would be rather too much effort to read
to warrant putting in the main body of the thesis. There is an analysis of the command
line arguments and the computer output generated at each stage of processing, to enable
other researchers to use the software developed in the course of this thesis. A
description of the pattern processing system used to train and test the MLP classifier in
appendix A.l1. In appendix A.2, there then follows an analysis of the computer
programs that were written for this work, as well as other existing SFS programs, and
their subsequent use in the training and testing of the MLP-Tx algorithm. The reading
passages, used to train and test the MLP-Tx algorithm, are given in appendices A.3 and
A.4. Appendix A.5 shows the questionnaire filled in by all the speakers. Appendix A.6
shows the frequency histograms for the training and two sets of testing data. Appendix
A.7 gives a list of the speakers, the passages and the recording conditions used in the
testing and training data. Appendix A.8 gives quantitative results from preliminary tests
of the MLP-Tx algorithm, in which different configurations of the MLP were

investigated.
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