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Abstract

Speaker recognition is subject to growing attention. Many interesting applications can be de-
veloped when one can automatically differentiate speakers from each other. For example think
of security systems. The voice of a person can be used just like a fingerprint, thus identifying
a person uniquely. Furthermore, who likes taking minutes during meetings? When a system is
able to recognize speakers, minutes can be taken automatically.

Being able to automatically discriminate between speakers enables us to take a first step into
developing these kind of applications. In the research project, further explained in this paper,
the first steps are taken towards developing methods that will enable a system to differentiate
between speakers.

The most pressing question throughout this project was: How do humans discriminate people
they know, so easily by means of just hearing their voices? In other words, which features are
responsible for voices being different?

The focus of this research project was finding characteristics of speech which are independent of
the expression (text independent features) and contribute to speaker recognition. The project
was conducted at Sound Intelligence, a company that is specialized in detecting and classifying
all kinds of sounds, including speech. This company optimized the cochlea model developed by
Duiffluis et a!. to process and analyze sound. This can be compared to the way humans process
sound.
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1 Introduction

\Ve seem to recognize voices without any effort. But how do we achieve this? What is, for
example, so specific about my mothers voice, that I can identify her at once? Is it because
of the physical properties of her speech organs, the way she speaks, or perhaps both? These
questions are of great interest to the fields of automatic speaker recognition (ASR) and artificial
intelligence.

Artificial intelligence is about understanding and simulating human intelligence. Speech recog-
nition is an important part of human intelligence. Next to speech recognition, humans can
discriminate individuals through vocal sounds, given that the speaker is known to them. This
means that an utterance contains more than only linguistic information. The goal of this re-
search is finding features that account for speaker specific characteristics. A distinction is made
between text dependent and text independent features. The focus of this research will be on text
independent features. This is not a trivial problem because nothing is known about the speech
signal. This makes it extremely difficult to find speaker specific information because differences
in the speech signals are also caused by different sounds. Text dependent features were also
investigated but this was done in a parallel project by Maria Niessen [26].

This research is conducted at Sound Intelligence, a company that is specialized in detecting
and classifying all sorts of sounds. The pre-processing of sound is done by the cochlea model,
developed by Duifhuis et al. [10] and optimized for commercial use by Sound Intelligence. This
model simulates processing of sounds as done by the human ear. The output of the cochlea
model is used for resolving spectral information.

The theoretical background of speech production, hearing, speaker recognition and possible
interesting features for speaker recognition will be given in section 2. The research question will
be stated in section 3. In section 4 the methods for measuring the features are discussed and
the results are given in section 5. An overview of the encountered difficulties and problems is
given in section 6. In the final chapter conclusions and suggest ions for further research will be
given.
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2 Theoretical framework

Communication through language plays an important role in human intelligence. The most
powerful form of communication through language is speech. Figure 1 shows the speech chain;
a simple representation of the processes between a speaker and a listener. The chain starts with
a speaker having an intention (a semantic representation) which is translated into a linguistic
utterance. The utterance is expressed, resulting in an acoustic signal. This acoustic signal
reaches the ear of the speaker and is processed and used as feedback. The sound also reaches
the hearer, is analyzed and transformed by the ear and further processed by the brain. In the
final stage of the speech chain the hearer 'translates' the acoustic signal into a linguistic form
and understands what is said. Speech however, conveys both linguistic and individual, speaker
specific information. By this speaker specific information a hearer can deduce who is speaking,
in what emotional state a speaker is likely to be, etc.

The research described in this paper focuses on speaker specific information that tells us some-
thing about who is speaking. The aim of this project is to become able to automatically dif-
ferentiate speakers from each other. Features concerning voice quality, voice height, loudness,
speed, tempo, intonation, accent and the use of vocabulary are all likely to characterize a speaker
uniquely. In section 2.4 the features investigated within this project are discussed. Before going
into the discussion on these features, two processes that play a major role in the speech chain
will be further explained: speech production (section 2.1) and hearing (section 2.2).

THE SPEECH Cl-lAIN
SPEAKER

-
LISTENER

Figure 1: The speech chain: a simple representation of the processes from an intention of the
speaker of saying something to understanding what is said. The intention of the speaker is
translated to a linguistic utterance. The utterance is expressed and received by the speaker
and the hearer. The sound is processed by the speaker and used as feedback. The hearer
processes the sound and translates this to a linguistic expression and hopefully understands
what is said.
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2.1 Speech production

Differences between speech sounds can be due to the utterance but also to the speaker who
expresses the utterance. The characteristics of the organs used for speech production are unique
for every speaker (figure 2). These characteristics can be physical as well as learned ([2, 14, 37])
and cause speech signals to be different. These physical and learned characteristics are discussed
below.

Vocal corth —
(Layilx)

Figure 2: The main organs involved in speech production.

Features that depend on physical differences are mostly found in the frequency domain. An
important physical distinguishing factor is the excitation source. The airflow from the lungs
is carried by the wind pipe through the vocal folds. With the vocal folds closed the pressure
builds up behind them. When the air pressure is high the vocal folds burst open and the air
can escape. Tension, elasticity and the Bernoulli effect draw the vocal folds together again. The
oscillation frequency (or fundamental frequency) depends on the tension, mass and length of
the vocal folds. Phonation, whispering, frication, compression, vibration, or a combination of
these are all characteristics resulting from the excitation source. Another important physical
distinguishing factor is the shape of the vocal tract (including the size and shape of the tongue,
teeth and lips) which works as a filter. The frequency content of an acoustic wave that passes
through the vocal tract is altered by the resonances of the vocal tract. These resonances are
called formants, and the frequencies of the formants tell something about the shape of the vocal
tract. Another influence on the frequencies of the formants is the length of the vocal tract. The
length of the vocal tract also gives an indication of the fundamental frequency. The longer the
vocal tract the lower the fundamental frequency and the formants are [29, 35]. Mostly, men
have a larger vocal tract than women and therefore a lower fundamental frequency.

These influences of the vocal folds and the vocal tract on the acoustical signal are schematically
presented in figure 3, the so called source filter model. The first part of the figure (the source)
shows two signals with different fundamental frequencies (100 Hz and 200 Hz). Since harmonics
are multiples of fO they are further apart for the signal with a fundamental frequency of 200
Hz. The descending slope in energy of approximately 6 dB per octave (harmonic) is another
characteristic of the vocal folds and the vocal tract. Therefore the higher harmonics contain less
energy than the lower harmonics. The second part of the figure shows the filter function of the
vocal tract, with in the third part the resulting energy spectrum.

Learned characteristics like speaking rate, prosodic effects, co-articulation and dialect, can also
be useful for discriminating between speakers and are mostly found in the temporal domain.
The advantage of physical characteristics over learned characteristics is that they are static
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Figure 3: Source filter model. Two signals with different fundamental frequencies are shown.
The left part shows the harmonic components of the periodic signal resulting from different
vibrations of the vocal folds (the source). In the middle the filter characteristics of the vocal
tract are given and the resulting signals are shown on the right. (www.haskins.yale.edu)

(or are at least difficult to change) which makes them more appropriate for the discrimination
between speakers. Learned characteristics are relatively easy to change and are therefore less
reliable for distinguishing between speakers. But because of the interaction between physical
and learned characteristics, features almost never depend on physical characteristics only [37].
For robust speaker recognition, information in the frequency domain as well as information in
the temporal domain need to be looked at [14].

2.2 The human ear

In the previous section the speech production process is discussed. The second process, hearing,
which is also a part of the speech chain, is discussed in this section. This will be done by looking
into how the human ear is build and how this is used for sound processing.
The human ear can be divided in three parts namely the outer ear, the middle ear and the inner
ear (figure 4). These structures have their own specific functions in detecting and processing
sound.

The outer ear, which contains the auricle and the auditory canal, serves to collect and channel
sound to the middle ear and to protect the middle ear in order to prevent damage to the
eardrum. The mechanical pressure wave of the sound is converted into vibrations of the inner
bone structure when it reaches the eardrum. Together with the hammer, anvil and stirrup (three
tiny bones) the eardrum forms the middle ear. The middle ear is an air-filled cavity which serves
to transform the energy of a sound wave into the internal vibrations of the bone structure of the
middle ear and ultimately transform these vibrations into a compression wave in the inner ear.
The inner ear consists of a cochlea, a snail-shaped organ which is filled with a water-like fluid and
is responsible for converting sounds from mechanical vibrations into electrical signals. There are
different cavities within the cochlea which are separated by two membranes. One of them is the
basilar membrane. The compression wave within the fluids causes a displacement of the basilar
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membrane. This is measured by hair cells in the organ of Corti which is found on the basilar
membrane. The stiffness of the basilar membrane decreases when it is further away from the
oval window. Therefore the frequency sensitivity depends on the place on the membrane with
high-frequency sensitivity (20 kHz) near the oval window and low-frequency sensitivity (20 Hz)
at the end of the cochlea (figure 5) according to a (approximately) logarithmic place-frequency
relation. From the hair cells an electrical impulse is send through the auditory nerve to the
brain where the sound will be further processed and interpreted.
(For further reading see Nooteboom and Cohen [27].)

Figure 5: A schematic representation of the cochlea with high-frequency sensitivity near the
oval window (beginning of the cochlea) and low-frequency sensitivity near the end of the
cochlea.

Not all sounds are audible for humans. The weakest sound a normal hearing person can detect
is about 0 dB, but this hearing threshold depends on the frequency of the sound. In figure 6 it
can be seen that only for sounds with frequencies around 1500 Hz the threshold is about 0 dB
and for higher and lower frequencies (between 20 Hz and 20 kHz) this threshold increases. Next
to a hearing threshold there is a perception limit, also called a pain threshold. Sounds above
this limit are perceived as painful. The dark green area in figure 6 demonstrates the range of
sounds most commonly used in human voice perception.
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Figure 6: Auditory field for a normal hearing subject: The green area depicts the human
auditory field and is limited by the threshold curve (bottom) and the curve for the percep-
tion limit (top). Frequencies below 20 Hz (infrasound) and frequencies above 20 kHz (ultra-
sound) aren't audible. The dark green area depicts the conversation area. (http://www.the-
cochlea.info/)

2.3 Automatic speaker recognition (ASR)

now know what the cause of differences in the acoustical signal of different speakers is. But
what exactly are those differences? Which features cause differences in the acoustical signal?
The features used in this research are discussed in the next section. First the principles of
speaker recognition are discussed.

Two ways of speaker recognition can be discriminated: automatic speaker verification (ASV)
and automatic speaker identification (ASI) [7, 28, 34]. With speaker verification (figure 7) the
first step is to extract the features from the speech wave. In the second step these features are
compared with a reference template or model of the speaker, after which will be decided if the
speaker is who he claims to be. With speaker identification (figure 8) the extracted features
are compared with stored reference templates or models of different speakers. The final step is
deciding which template matches best with the input signal.

In the verification process the decision to accept or reject a speaker is guided by a threshold.
When the similarity between the extracted features and the reference template or model is below
the threshold the speaker is rejected.

There are two types of errors that can be made in the process of identification and verification:
false acceptances (FA or Type I error) and false rejections (FR or Type II error). With FA, the
svstciii accepts a so called imposter during ASV and identifies a wrong person during ASI. With
FR, the systems rejects a true claimant in ASV and incorrectly finds no match in ASI [7, 28].
False rejections indirectly indicate that a same kind of mechanism is used in the identification
process. When there would not be some kind of threshold an unknown input sound (unknown
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Verification resuft
(Accept / Reject)

Figure 7: Speaker verification. In the first stage features are extracted from the speech
signal. These features are compared with a stored template of this speaker in the second
stage. In the last stage it is decided if the speaker is who he claims to be [34].

to the database that is) can be identified because an optimal candidate is selected. This would
mean a complete mismatch.

A distinction in speaker recognition is made between text dependent features and text indepen-
dent features [7, 14, 28]. Searching for characteristic features can be done when there is prior
knowledge of what is being said which is the case for the text dependent features. A lot of the
variability can then be explained with known characteristics of the utterance. This makes it
easier to find features that are speaker specific. When there is no prior knowledge of what is
said, which is the case for text independent features, the search for speaker specific features will
be more difficult. In the introduction it was already mentioned that the goal of this research is
finding text independent features.

Not all features that can be found in a speech signal are appropriate for making a distinction
between speakers. There are several criteria for selecting these features [16, 36, 37]

• The feature should occur frequently.

• The value of a feature should vary widely between speakers (interspeaker variability) but
not for a given speaker (intraspeaker variability).

• The feature should be easy to measure.

• The value of a feature should not change over time.

• The feature should not be affected by background noise.

• The feature should not be affected by a conscious effort to disguise the voice.

There are always processes that influence the features and cause them not to satisfy these
criteria. For instance there can be:

• changes in the speaker physical state (e.g. illness, cold)

• changes in the speaker emotional state (e.g. stress, anger)

• changes in the speaker voice due to aging of the speaker

• noise etc.

An ideal voice recognition system should be unaffected by these processes [34].
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Figure 8: Speaker identification. In the first stage features are extracted from the input
speech. These features are then compared to stored templates and the speaker is identified
as the person for which the stored template has the biggest resemblance [34].
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2.4 Text independent features

Battaner et al. [6] make a division between high-level information features like dialect, style
etc. and low-level information features, such as spectral amplitude, pitch, formant frequencies,
and other acoustic features. In this research only low-level information features will be looked
into. In section 2.1 it was already mentioned that these acoustical features result from the
characteristics of the vocal folds and the vocal tract. Battaner et at also point out in their
article that there are aspects of the source (vocal folds), like fundamental frequency and the
glottal waveform, as well as aspects of the filter (vocal tract), like formant frequencies, formant
bandwidths, turbulent noise and nasality that are important for speaker recognition. In the
introduction it is already mentioned that the aim of this research is finding text independent
features. Most of the features concerning the vocal tract do indeed differ for speakers but
they also depend on the utterance. Therefore the features that will be discussed below mainly
concern the vocals folds. In section 2.4.1 hoarseness will be discussed. In section 2.4.2 features
concerning the fundamental frequency and the first formant will be discussed. Most research on
nasality focuses on [m], [n] and [] (text dependent) but since nasal speech sounds in general are
perceptually different from other speech sounds, nasality is also discussed here (section 2.4.3).

2.4.1 Hoarseness

Perturbation of the periodic waveform speakers produce is in most cases caused by the physical
properties of the vocal folds. These perturbations can produce changes in periodicity (modu-
lation noise) and noise content (additive noise), which lead to the perception of hoarse voices
(breathy, raspy and/or strained). Figure 9 shows the hoarseness diagram which supplies a
method to display the periodicity and the noise content of voices.

:
Roughness

Figure 9: Hoarseness diagram. The x-axis represents three aspects of periodicity also referred
to as roughness (jitter, shimmer and waveform shape change) and the y-axis represents the
amount of additive noise (breathiness). Speakers with normal voices score low on roughness
and low on breathiness (1), pathological voices score high on roughness and breathiness (4)
or on only one of them (2 and 3).

Breathiness represents the amount of additive noise in a speech signal. Breathiness is the
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turbulent air-flow at the glottis which is the consequence of incomplete closure of the vocal
folds. The more turbulent air-flow there is, the more non-harmonic energy in the speech signal
and the breathier a voice is. Because of the lessened glottal resistance the air-flow rate is higher
than in normal voices [20].

Roughness represents three aspects of periodicity also referred to as modulation noise. The first
is jitter which is the perturbation of the fundamental frequency and is expressed as a percentage
of the duration of the pitch period. For normal voices the amount of jitter is about 1% [34]. In
voiced speech the effect of jitter on the spectrum is widening of the harmonic peaks [8]. The
second aspect is the perturbation of the amplitude or energy of successive pitch periods and is
called shimmer. For normal voices the amount of shimmer is about 0.7 dB. It appears that the
effect of shimmer on the perceived aperiodicity and on the spectrum is less than the effect of
jitter [34]. The third aperiodicity is called waveform shape change and is the perturbation of
the waveform shape.

The problem with additive noise and modulation noise is that the methods for measuring these
two types of noise have to be independent in a way that the measurements for breathiness are
not influenced by the amount of jitter, shimmer and waveform shape change and vice versa.

Methods that are often used for measuring breathiness are the Signal to Noise Ratio (SNR), the
Normalized Noise Energy (NNE) and the Cepstrum based Harmonics to Noise Ratio (CHNR)
which is, roughly speaking. the inverse of NNE. A lot of research on methods for calculating
breathiness has been done by Frohlich, Michaelis, Strube, Kruse and Gramms [12, 15, 21, 22, 23].
They compared their new method, Glottal to Noise Excitation ratio (GNE), to NNE and CHNR
and concluded that only GNE is independent of the amount of jitter, shimmer and waveform
shape change. GNE is based on the correlation between Hilbert envelopes of different frequency
channels. These envelopes are highly correlated when there is no or little additive noise in the
signal. The problem with SNR, NNE, CHNR and GNE is that there is no consistently high
correlation with the perceptual ratings of breathiness. A reason for this can be that they do not
address the nonlinear processes that occur in the peripheral auditory system. Therefore another
method was developed by Shrivastav and Sapienza [33] that modelled these nonlinear processes.
They did this by implementing an auditory model.

The model has different stages that represent the transfer function of the outer and middle
ear, the excitation pattern elicited on the basilar membrane within the cochlea, and finally the
transduction of this excitation pattern into neural activity in the fibers of the auditory nerve [33).

Their results showed that this method accounted for a large amount of the variance in the
perceptual ratings of breathiness.

The modulation noise aspects, jitter, shimmer and waveform shape change, can be measured in
several ways. Two parameters often used to quantify jitter and shimmer are: (1) the Perturba-
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tion Factor (PF) 1 and (2) the Perturbation Quotient (PQ) 2 [21].

Kasuya proposed a new parameter, the Perturbation Parameter (PP) , which has a higher
correlation with the perceptual judgements made by a trained laryngologist.

The third modulation noise aspect, the waveform shape change, is measured by the Mean \Vave-
form matching Coefficient (MWC). The mean of the maximum correlations is calculated for each
pair of consecutive cycles. These correlations are calculated with the Short Time Cross Corre-
lation Function (STCCF) ".

2.4.2 Frequency information

The features discussed here concern the fundamental frequency (if)) and the first formant (Fl).
Research on speaker recognition has shown that fO and the formant frequencies are important
for speaker recognition ( [2, 3, 9, 29, 30, 34]). Bachorowski and Owren [3], however, believe
that the contribution of vocal fold features are less important than the vocal trat features, or
with other words: the formant frequencies are more important than fO (which was also indicated
by the results of Miller [24]). One of the reasons is the influence of the psychological state of
the speaker. The vocal fold features (RJ, jitter. shimmer etc.) can be affected by short-term
changes in arousal or emotional state [4]. Most research on the importance of the formant
frequencies focuses on specific utterances (mostly [i], [a] and [u]) [6, 16, 37]. It was already
mentioned that they are not only dependent on the size and shape of the vocal tract but also
on the utterance. The fundamental frequency is not text dependent and will therefore be of
interest here. Not only the mean fundamental frequency but also the development in time is
important [29, 30, 34]. It has to be noted however that fO is mostly an indicator of gender [3]
(the fundamental frequency range for men is 85-155 Hz and for women 165-255 Hz [5]), and

PF = 1 u(n) — — 1) < 1(%)N—I u(n)

Where N is the number of the sequence u(n), u(n) the period length in case of jitter and energy per period in
case of shimmer and K the window length.

2

K

u(n+k)
1

N——--—--1N-K , 2 xlOO(%)

Where N is the number of the sequence u(n), u(n) the period length in case of jitter and energy per period in
case of shimmer and K the window length.

3

1PP= lOlO9ioN K
y2(n)

Where N is the number of the sequence y(n), y(n) the output to a High Pass Filter (HPF).
4

STCCF(T) = Pi. Tmin <T <Tmax
IxilYl - -

Periodlength := argmax(STCCF(T))

Where X and Y are two consecutive parts (of the same length) of the voice signal. T is the period length for
which X and Y have the highest correlation.
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the easiest acoustic property to modify for the purpose of disguising the voice [37]. This does
not mean that fO has no significant contribution in the process of speaker recognition but fO
alone will not be a feature by which speakers can be discriminated. Another feature that will be
investigated is the difference between the fundamental frequency and the first formant, Fi-fO.
The spectra of different speech sounds indicate a larger distance for men than for women. The
aim of this research is finding features for speaker recognition. Therefore, the results have to
show if there is, next to a difference between men and women, also a difference between speakers
in general.

2.4.3 Nasality

With the production of nasalized sounds the articulatory system (figure 2) can be divided in
three subsystems: (1) The pharynx extending from the glottis to the soft palate, (2) the oral
cavity and (3) the nasal cavity. When the left and the right nasal channels are completely
symmetrical they function as a single cavity system. In normal speech the soft palate does not
completely close off the nasal tract. \Vhen the soft palate is lowered the ratio of the opening to
the nasal cavity to the oI)ening of the oral cavity will increase and the sound will be perceived
as nasal. Adding the nasal cavit introduces nasal resonances and antiresonances which interact
with the resonances of the oral cavity. There are two different kinds of nasalization; open and
closed. With open nasality the soft palate is lowered and air can escape through the nasal tract.
Closed nasality occurs when there is a type of constriction, for example with a cold, and the air
can not escape through the nasal tract.

A lot of research on nasal consonants is done by Fant [11], Fujimura [13], Hattori [18], Nakata [25]
and Su et at. [36]. They all discuss the spectral characteristics of the nasal consonants [m], [n],

[] and of the nasalized vowels (by co-articulation or synthesized nasal vowels). They all found
about the same spectral characteristics concerning resonances, antiresonances and bandwidths
of the formants. Sambur [30] did research on the nasal consonants [m] and [n] and found that the
formant frequency near 1000 Hz in [n] and the formants frequencies of the third and the fourth
formant (1700-2300) in [m] are promising for speaker recognition. He mentioned however, that
nasality measurements are very vulnerable to physiological changes. Since these characteristics
depend on the utterance and the goal of the research is finding text independent features they
can not be used for this research.

As Fujimura [13] states in his article the problem with research on nasal sounds it that the
characteristics of the spectrum depend on two different aspects: (1) the nasal sound and its
context and (2) the speaker or even his temporary physiological state. But there are substantial
differences in the perception of nasal sounds and other speech sounds so there must be some
general characteristics. Fujimura [13] gives three features that are characteristic for nasal sounds
in general: (1) the existence of a very low first formant that is located at about 300 Hz and
is well separated from the upper formant structure, (2) relatively high damping factors of the
formants (bandwidths of the formants are broadened) and (3) high density of the formants
in the frequency domain (and the existence of antiresonances). An even distribution of the
sound energy throughout the central frequency range (800-2300 Hz) is caused by the latter two
characteristics.

Perceptual ratings of nasal quality are often not very reliable which can be caused by the one-
dimensional scales of nasality that are often used. Zraick et at. [38] showed that nasality can best
be understood as a multidimensional phenomenon. They found three dimensions that accounted
for most of the variance (83%) in the perceptual ratings. The first is nasal quality (54%) which is
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measured by: (1) frequency of the nasal resonance, (2) frequency of the nasal antiresonance, (3)
bandwidth of the nasal resonance, (4) bandwidth of the nasal antiresonance and (5) amplitude
of Fl. The second dimension is the loudness (18%) which is measured by the intensity of the
sound. The last dimension is the fundamental frequency (11%).
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3 Research question

In Section 2.1 it is explained that different characteristics concerning the speech organs of speak-
ers, is one of the causes of acoustical signals being different. Therefore, humans are capable of
recognizing people by their voices. Speaker verification or even identification is a relative simple
task for humans as long as we are familiar with the voice. But which aspects of the voice are
important in this process? The aim of this research is finding features that can be resolved from
the acoustical signal, and are responsible for speaker differences. The general research question
is then:

Which features, that can be resolved from the acoustical signal, are important for speaker recog-
nition?

For this research the content of the utterance is unknown which means that the features have
to be independent of the utterance (text independent features). The more specific research
question is then:

Which text independent features, that can be resolved from the acoustical signal, are important
for speaker recognition?

In section 2.1 it was also mentioned that physical characteristics are difficult to change. This
makes characteristics of the vocal tract and the vocal folds possible candidates for speaker
recognition. But most features like formant track, formant bandwidth, formant frequency etc.
that depend on the physical properties of the vocal tract, also depend on the utterance. Features
that depend on the properties of the vocal folds are less dependent on what is said and therefore
more useful in this research. The three features that were discussed in section 2.4 (hoarseness,
frequency information and nasality) mainly cornern the vocal folds but also the vocal tract. To
measure these features, methods need to be developed. This leads us to the six sub questions
below:

(la) By which method can the hoarseness features be resolved from the signal?

(ib) Is one of the hoarseness features or a combination useful for text independent speaker
recognition?

(2a) By which method can the frequency information features be resolved from the signal?

(2b) Is one of the frequency information features or a combination useful for text independent
speaker recognition?

(3a) By which method can nasality be resolved from the signal?

(Sb) Is nasality a feature that can be useful for text independent speaker recognition?

In the next section the developed methods are discussed and the results in section 5 show
whether these hoarseness, frequency information and nasality features are indeed useful for text
independent speaker recognition.
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4 Methods

To become able to distinguish speakers from each other with the text independent features
mentioned in section 2.4 (hoarseness, frequency information and nasality), methods need to be
developed for measuring these features. As was already mentioned, the cochlea model ( [10]) is
used for the processing of the input signal, which is explained in more detail in section 4.1. In
section 4.2 and 4.3 it is explained how the output of the cochlea model is further processed and
how spectral information is retrieved. The data that were used for this research are discussed
in section 4.4. In sections 4.5, 4.6 and 4.7 the methods developed to measure the hoarseness,
frequency information and nasality features are explained in more detail.

4.1 Cochlea model

The cochlea model that was used for this research was optimized at Sound Intelligence and
is based on a model of the human inner ear (the cochlea) [10, 19]. This model is a linear
one-dimensional transmission line model which performs a frequency analysis of the incoming
sound. This frequency analysis can be compared to a short term Fast Fourier Transform (FFT)
or wavelet analysis, but has substantial advantages over these. The most important advantage
in the cochlea analysisis a guaranteed continuity in both time and frequency. Originally the
basilar membrane in the cochlea model was divided in 400 segments. The number of segments
can be adjusted which means a change in the spatial resolution. For the settings of the cochlea
model 160 segments were used which was enough to maintain a good spatial resolution. Each
segment has its own frequency (in the range of hearing) to which it reacts best (just like the
place-frequency relation on the human basilar membrane, section 2.2). With the Greenwood
place-frequency map (almost logarithmic) the frequency corresponding to a segment (place) can
be determined. For the settings of the cochlea model frequencies lower than 8 kHz were used.
These frequencies are characteristic for normal speech.

4.2 The cochleogram

The output of the cochlea model is the velocity of the segments. For a continuous time-frequency
representation (the so called cochleogram (figure 10)) a few steps are required. To determine
the energy of the basilar membrane segments, the leaky integrated square of the velocity is
taken. With the leaky integration process information about the past is gradually lost. This is
described by the following equation:

r3(t) = r3(t — + x3(t)x8(t)

where r(t) denotes the leaky integrated energy of segment s at time t, t is the sample period,
t — Lt denotes the time of the previous sample, and x8(t) is the velocity of segment s at time
t. The logarithmic scale is then used because a similar process is performed by the hair cells on
the basilar membrane and it also restricts the dynamic range we have to work with. Next to
that, the dB-scale is a common way in describing the intensity of sounds.

R3(t) = 10'°log[r3]

A sampling rate of 200 Hz, 1 sample per 5 ins, is chosen for a good temporal resolution. In the
resulting cochleogram (figure 10) each frame represents 5 ms of the signal. On the vertical axes
the place-frequency relation becomes visible. Each segment corresponds to a specific frequency.
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4.3 Spectral information

To determine the fundamental frequency and the frequency of the individual harmonics (multi-
ples of the fundamental frequency), ridges are estimated (black lines in figure 10). This is done
by looking at the peaks of the basilar membrane and combining them with peaks in successive
frames. A peak is only part of a ridge when this ridge is at least 20 ms (4 frames) long. These
ridges are tlieii used to estimate, with autocorrelation procedures, the fundamental frequency
and the frequency of the harmonics. In figure 10 it can be seen that the ridges almost perfectly
represent the place of the harmonics and therefore the pitch estimation will be relatively simple
(but still not an easy task). This is due to the fact that there is almost no noise in the signal.
When there is more noise in a signal there will also be peaks at non-harmonic frequencies which
can be part of a ridge. As a consequence the pitch estimation will be more difficult. The funda-
mental frequency together with the harmonics is called a harmonic complex (hc). (For further
reading on spectral information see Andringa [1]).

Figure 10: The upper half shows the cochleogram of the partial sentence "Maar hoe harder
hij blies...". The lower half shows the connected peaks spectrum (section 4.3) of the
cochleogram of the same partial sentence. In both figures the black lines are the estimated
ridges. Each frame on the horizontal axis represents 5 ms of the speech signal. The left ver-
tical axis shows the segments with on the right vertical axis the corresponding frequencies.

The upper half of figure 11 shows a cross-section of frame 100 of the cochleogram in figure 10.
The peaks represent the harmonics at this frame. As can be seen it is impossible to identify the
individual harmonics after the thirteenth harmonic. Other spectral information that is estimated
are the formant frequencies [26]. This is done by looking at the connected peaks spectrum from
figure 10 (lower half). \Vith the connected peaks spectrum the individual harmonics can no
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Figure 11: The upper half shows the cross-section at frame 100 of the first cochleogram in
figure 10 and the lower half the cross-section at frame 100 of the second cochleogram in
figure 10. The peaks in the upper half of the figure represent the harmonics (numbered).
For the higher frequencies it is difficult to distinguish the separate peaks because the har-
monics are resolved. The lower half of the figure shows the connected peaks spectrum. The
individual harmonics can no longer be discriminated and the formants become visible.
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longer be seen and the formants become visible. For each frame (lower half of figure 11) the
place of the peaks is determined. Peaks that are at least 3 dB higher than the neighbouring
valley on the high frequency side and 1 dB higher than the valley on the low frequency side
are considered as a formants. These peaks are connected in time and so the formant tracks are
formed.

4.4 Data

For the speech data the Groninger Corpus [31] was used. This corpus contains read words,
numbers and texts from 250 speakers (men and women) and for each speaker personal infor-
mation is available (age, sex, length, hoarseness complaints etc). The data of six women and
two men with different degrees of hoarseness complaints (see table 1) were used. However, the
hoarseness complaints ratings are subjective (scored by a speech therapist) and can therefore
not be completely accurate. Another speech therapist was consulted who indicated that the
degree of hoarseness for these 8 persons is very low and the differences between them are small.
This isnt necessarily a problem because in general most people have a low degree of breathiness
and we would like to be able to discriminate between them. For each person the same text was
used (De noorderwind en de zon) and the same 6 sentences (or parts of sentences) were cut out.
In this way possible effects of using different sentences were ruled out. For every sentence the
spectral information was calculated using the cochlea model.

Speaker Sex Hoarseness complaints
1 female 0

2 female 2

3 female 3

4 female 2

5 female 1

6 female 2

7 male 2

8 male 1

Table 1: Information about hoarseness and sex from the 8 speakers used for this research.
The hoarseness complaints were rated by a speech therapist. 0 on hoarseness complaints
means no complaints and 3 means severe complaints

4.5 Feature 1: Hoarseness

The developed method for the first aspect of hoarseness, breathiness (additive noise), is discussed
in section 4.3.1. For the second aspect, jitter, shimmer and waveform shape change (modulation
noise), there were doubts about being able to detect these small perturbations with the current
settings of the cochlea model. This will be further explained in section 4.5.2.

4.5.1 Breathiness

Breathiness, as defined in section 2.4.1, is the non-harmonic energy (noise) in the speech signal
caused by incomplete closure of the vocal folds. This means that for measuring the amount
of breathiness it has to be determined which part of the speech signal is harmonic energy and
which part is noise energy. For each frame separately the frequencies of the first 10 harmonics
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were determined (because of the logarithmic scale of the cochlea model it becomes more difficult
to determine the frequencies of the higher harmonics). For each harmonic frequency a sinus was
made. The cochleogram (upper half of figure 12) was calculated and the energy at the top of
the sinus was determined by looking at the cross-section (lower-half of figure 12). The sinus was
then scaled to fit the speech signal.
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Figure 12: The upper half shows the cochleogram of a
lower half shows the cross-section at frame 45 for this sinus.

In this way, if the speech signal is completely harmonic, the sinuses will perfectly fit the signal
but in the case of additive noise energy in the speech signal they wont. A speech signal will
never be perfectly harmonic and therefore the sinuses will never perfectly fit. Figure 13 shows
a cross-section of the energy spectrum of the speech signal (black), a cross-section of the energy
spectrum of the sinuses (red) and the difference between the speech signal and the harmonics
(blue) for one frame. The degree of breathiness for a frame (for the first 10 harmonics) is then
defined as the mean value of the energy of the speech signal minus the energy of the sinuses.

Unfortunately there are some problems with the method so far, which becomes clear in figure 14.
As can be seen, three sinuses are missing (fourth, fifth and sixth) and therefore the measured
degree of breathiness incorrectly increases. The reason for not having sinuses at those harmonic
frequencies is that it was not possible to determine the frequencies of the harmonics. In section
4.1 it was already mentioned that the place of the harmonics is calculated with the ridges. In
a perfectly clean signal, the ridges directly show the place of the harmonics. But when there is
more background noise there will be more ridges in the signal. This makes it more difficult to
determine the place of the individual harmonics.

To solve this problem the frequencies of the missing harmonics were calculated by multiplying
the fundamental frequency with the number of the missing harmonic. The result is shown in
figure 15. Determining the precise fundamental frequency is a difficult process. Therefore,
the frequency of the harmonic established by multiplying the fundamental frequency with the
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Figure 13: Cross-section cochleogram with speech signal (black), sinuses (red) and difference
between speech signal and sinuses (blue).
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Figure 14: Cross-section cochleogram with speech signal (black), sinusses (red) and difference
between speech signal and sinuses (blue). The 4th, 5th and 6th harmonics are missing which
causes an increase in the measured degree of breathiness.
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harmonic number can be a few Hz higher or lower than the actual frequency. The consequence
is that the top of the sinus lies a little to the right or the left. Again the degree of breathiness
seems higher than it would have when the frequency of the harmonic was correct. To overcome
this problem the degree of breathiness is only calculated for frames where at least the first 10
harmonics are found (breathinesslO). But when looking at the percentage of frames for which
the degree of breathiness was calculated, it was only 18.4%. Because it was not clear if this
would give a realistic image of the degree of breathiness the selection criterion was changed
to finding at least the first 8 harmonics (breathiness8). This caused the frame percentage to
increase to 26.6%. In the results section results, both methods (breathiness8 and breathinessl0)
are discussed.

2'
C
w

Frequency (Hz)

Figure 15: Cross-section cochleogram with speech signal (black), sinuses (red) and differ-
ence between speech signal and sinuses (blue). The frequencies of the missing harmonics
are calculated by multiplying the fundamental frequency with the number of the missing
harmonic. The frequency of the fifth harmonic (second missing harmonic) calculated this
way is a few Hz higher (1 segment) than it should be.

4.5.2 Jitter, shimmer and waveform shape change

The percentages jitter, shimmer and waveform shape change for normal speaking persons are
very small. To discover differences between speakers these features have to be measured very
accurately. In section 2.4.1 some methods for measuring jitter. shimmer and waveform shape
change. were already mentioned. For this research spectral information from the cochleogram
is used and therefore other methods need to be developed. In the light of jitter it will be
explained why there are doubts about being able to measure these features accurately enough
using the cochlea model. For normal speakers the amount of jitter varies between 1% and 3%
and the maximum fundamental frequency is 255 Hz (for a woman). In the frequency domain
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this means that we should be able to see differences of 2.5 Hz (1% of 250 Hz). Looking at the
Greenwood place—frequency map, the spatial resolution with 160 segments is not precise enough
to see differences this small. The same is the case for the temporal domain. With a fundamental
frequency of 250 Hz the shortest period is 4 ms. Again, the resolution is not good enough since
the sample frequency is 1 sample per 5 ms (200 Hz).

4.6 Feature 2: Frequency information

Methods were developed for measuring the following nine frequency information features: (1)
ID, (2) Fl, (3) Fi-fO, (4) ID/Fl, (5) the variance of ID, (6) the variance of Fl, (7) the variance of
Fl-ID, (8) the variance of fO/Fi and (9) the correlation between 10 and Fl (see table 2).

Feature Description
MEANDIF The mean difference between the first formant and the

fundamental frequency (mean(Fl-fO))
MEANRAT The mean ratio of the fundamental frequency and the first

formant (mean(fO/F1))
MEANFF The mean value of the fundamental frequency (mean(fO))
MEANFT The mean value of the first formant (mean(F1))
VARFF The variance of the fundamental frequency (var(fO))
VARFT The variance of the first formant (var(Fl))
VARDIF The variance of the difference between the first formant

and the fundamental frequency (var(F1-ID))
VARRAT The variance of the ratio of the fundamental frequency and

the first formarit (var(fO/Fl))
CORFFFT The correlation between the first formant and the

___________

fundamental frequency (corr(fO,F 1))

Table 2: Frequency information features.

To measure the frequency information features it has to be determined for which frames within
each harmonic complex (see section 4.3) if) and Fl are both known. In the first part of figure 16
the cochleogram of one of the sentences is shown. The black lines in the lower part of the
cochleogram show the frame ranges for the harmonic complexes that are found. From this figure
it can be seen that it's not enough to just determine the frame range within a harmonic complex
where besides ID also Fl can be found. There are three reasons for this. They can all have
negative influences on the measurement of the features and therefore have to be checked. The
first is a sudden decrease to zero Hz of fO (due to not enough information in that part of the
speech signal through which it was impossible to reliably determine the fundamental frequency).
This was solved by throwing away these frames. Another possibility is filling in these gaps by
connecting ID in front of the gap with fO after the gap but possible fluctuations of if) are then
ignored.

The second aspect is the occurrence of a double fO within a frame. This is caused by uncertainty
about the frequency of ID or by overlapping harmonic complexes. Because of this uncertainty
this part of the signal is less reliable and is also thrown away. The last aspect concerns the
overlapping harmonic complexes. When 2 successive harmonic complexes completely overlap
one of them is thrown away. In case they partly overlap this part is only removed from one of
the harmonic complexes. In the lower half of figure 16 the same cochleogram is shown with the
lines for the harmonic complexes when frames are removed.
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Figure 16: In both figures a cochleogram is shown. The white lines represent the fundamental
frequency (fiJ). The black lines above flJ represent the formant tracks. In the upper half the
black lines below fO show the frame ranges of the harmonic complexes. In the lower half the
black lines below if) represent the frame ranges that are used for calculating the frequency
information features.

4.7 Feature 3: Nasality

Developing a method for nasality has not been part of this research due to time constraints.
However in section 6 suggestions for further research on nasality as a feature to differentiate
between speakers are made.
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5 Results

In this section the results will be presented. For the breathiness measurements (breathiness8 and
breathinesslO) an Analysis of Variance (ANOVA) is done to determine if there is a significant
difference between the speakers. For the frequency information measurements a Multivariate
Analysis of Variance (MANOVA) is done and a discriminant analysis. The results of MANOVA
will tell us if there is a significant difference between the speakers taking the interaction effects
between the features (table 2) into account. Separate ANOVA's for each feature can then give
us an indication of their relative importance. The results of the discriminant analysis will give
us some extra information about the relative importance of the features. First, the statistical
methods are discussed in section 5.1. The results of the breathiness and frequency information
measurements will be presented in sections 5.2 and 5.3.

5.1 Statistical methods

Different statistical methods are used for the breathiness and frequency information features. In
this section a short introduction into these methods is given. For each method the goal of the
analysis, the null hypothesis and the assumptions that are made are being discussed. ANOVA,
MANOVA and discriminant analysis are tests for comparing groups. The term speakers is used
here because speaker differences is the subject of this research. Each speaker is considered as a
group. Strictly speaking this is not correct because the observations are not independent.

5.1.1 Analysis of variance (ANOVA)

The goal of an ANOVA is to find out if there are significant differences between the speakers
concerning the dependent variable. Thereby the null hypothesis is:

Ho:jii=j.t2= =/L8

Where pj is the mean value of speaker i on the dependent variable. The null hypothesis says
that the mean values of the speakers on the dependent variable are the same. \Vith a significant
result the null hypothesis is rejected which means that the speakers score significantly different
on the dependent variable. It has to be stated however that a significant result only tells us that
there is a difference between the speakers but not in which way these speakers differ. The test
statistic for ANOVA is the F-ratio which compares the between-speakers (systematic) variance
to the within-speakers (unsystematic) variance. In a formal way this is written as:

F
AIS1
MSR

In this equation MSpj (mean squares of the model) represents the between-speakers variance
(variance explained by the model) and MSR (mean squares of extraneous variables) represents
the within-speaker variance (variance explained by individual differences). ANOVA has some
important assumptions that have to be met when doing an analysis of variance: (1) the observa-
tions are independent, (2) the variance within a speaker is similar to the variance within other
speakers, (3) the population is normally distributed and (4) the dependent variable should at
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least be measured on an interval scale. Assumptions may be violated but it has to be taken into
account that this causes an increase in type 1 error rate (false acceptances) and type 2 error
rate (false rejections).

5.1.2 Multivariate analysis of variance (MANOVA)

The goal of a MANOVA is the same as for an ANOVA but with the difference that is it used to
find out if there is a significant difference between the speakers concerning 2 or more dependent
variables.

The null hypothesis for MANOVA says that the speakers are equal on all the dependent variables
which can be written in the following way:

/LL1,MEANFF IL2,MEANFF /-L8,MEANFF

/i1,MEANFT 1U2,MEANFT 1L8,MEANFT

H0: IL1,MEANDIF !L2,MEANDIF = = /18,MEANDIF
Li ,MEANRAT IL2,MEANRAT 1-18,MEANRAT

\Vhere IL1,MEANFF is the mean value for speaker 1 on the dependent variable MEANFF (see
table 2). A significant result tells us that there are differences between the speakers but not
which speakers differ and on which variables they do. The test statistic used for MANOVA is
also the F-ratio.

The assumptions for MANOVA are slightly different from the assumptions of ANOVA. The
assumptions for MANOVA are: (1) independent observations, (2) random sampling of the data
and measures at at least an interval level, (3) the dependent variables have multivariate normality
with groups, (4) homogeneity of covariance matrices (the variances of the dependent variables
have to be equal across speakers and the correlation between any two dependent variables has
to be the same).

5.1.3 Discriminant analysis

Discrirninant analysis is done after a MANOVA and is used to describe the differences between
the speakers (on 2 or more dependent variables) and/or predict to which speakers someone be-
longs. This is done by making linear functions (so-called variates) which describe the differences
between the speakers. The coefficients in the functions are the correlations between the function
and the original variables and therefore they tell you which speakers can be distinguished with
which features. The assumptions for discriminant analysis are: (1) multivariate normality and
(2) each speaker has equal covariance matrices.

5.2 Breathiness

Two, not completely different, ways of measuring breathiness were used. For the first one, which
is called breathinesslO, only the degree of breathiness was measured for a frame when at least
the first 10 harmonics were known. Because of the low percentage of frames that was used with
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this selection criterion it was also decided to measure the degree of breathiness in a frame when
at least the first 8 harmonics were known (breathiness8). By doing this the frame percentage
was improved. This does not necessarily imply that it is automatically a better measurement
of breathiness because frames that do not have at least the first 10 harmonics are probably less
reliable. The reason for this can be that there is too much noise in the signal to determine the

place of all of the harmonics.

The results in this section are based on the mean breathiness values per sentence. This is different
from the results given in appendix B which are based on the breathiness values per frame. The
reason for not using the breathiness values per frame for the SPSS analysis is that the amount
of input for SPSS is much larger. This means more work for which there was unfortunately no
time.

Figure 17: Breathiness results for each speaker. The upper half shows the results of the
breathiness8 measurements and the lower half shows the results of the breathinesslO mea-
surements. The circles represent the mean for a sentence and the lines represent the standard
deviation.

5.2.1 Breathiness using 8 harmonics

Figure 17 shows the results for breathiness8 (upper half) and breathinesslO (lower half). As can
be seen in the upper half of figure 17 the mean breathiness values are slightly different for the
speakers. The only speaker that seems to be very different from the rest is speaker 3 arid as we
saw in table 1 this was also the speaker with the highest hoarseness complaints score. There is
great overlap of the standard deviations for the speakers. This indicates that the speakers are
very similar and therefore hard to distinguish.

The output of ANOVA shows an F-ratio of 3.238 with a significance of .008. This means that
there is a significant difference between the speakers on the dependent variable (breathiness8).
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But this tells us nothing about which speakers can be discriminated. The post hoc test results
are summarized in table 3. This test shows if there is a significant difference between each
speaker-speaker pair. Only the significant results are shown and it can be seen that only person
3 can be discriminated from the rest.

Breathiness8
1-3
2-3
3-6
3-7
3-8

Table 3: Post hoc breathiiiessS. Each number-number pair represents two speakers that
have significantly different breathiness8 scores.

There are a few reasons to be careful with concluding that there is a significant difference
between the speakers. (1) Not all assumptions are met (only the measurement scale assumption
is met), (2) The F-ratio is rather small and (3) the post-hoc test showed that only person 3 is
significantly different from the rest.

3 3

2 276 4

1

3 4 5 6

Breathiness8 (dB)

Figure 18: For each person the degree of measured breathiness8 is set against the hoarseness
complaints from table 1. Each number represents a speaker. With complete agreement
between the breathiness measurements and the hoarseness complaints scores, the numbers
should be in a straigt line from the bottom left to the top right. This is not the case in this
figure.

In section 4.2 it was mentioned that there are some doubts about how accurate the hoarseness
complaints are. In figure 18 the breathiness8 values that were measured are set against the
hoarseness complaints to see if the hoarseness complaints give an indication of the degree of
breathiness (assuming that the developed method for measuring breathiness is correct). As can
be seen the hoarseness complaints ratings do give some indication of the degree of breathiness.
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It has to be noted however that breathiness is only a part of hoarseness so the difference can
also be the result of roughness (jitter, shimmer and waveform shape change).

5.2.2 Breathiness using 10 harmonics

The lower half of figure 17 shows that the mean breathinesslO values are also slightly different
for the 8 speakers. There is again great overlap between the speakers concerning the standard
deviations. This indicates that the speakers have similar scores on breathinesslO which in turn
indicates that discrimination between the speakers will be difficult.

The output of ANOVA shows an F-ratio of 2.554 with a significance of .028. This means that
the speakers show a significant difference on the dependent variable (breathinesslO). Table 4
shows the significant results from the post hoc test. It shows that only speaker 3 has significantly
different breathinesslO scores but not as much as with breathiness8.

BreathinesslO
2-3
3-8

Table 4: Post hoc results for breathinesslO. Each number-number pair represents 2 speakers
that have significantly different breathinesslO scores.

3 3

2 2 746

85

0 1

3 4 5 6

BreathinesslO (dB)

Figure 19: For each person the degree of measured breathinesslO is set against the hoarseness
complaints from table 1. Each number represents a speaker. \Vith complete agreement
between the breathiness measurements and the hoarseness complaints scores, the numbers
should be in a straigt line from the bottom left to the top right. This is not the case in this
figure.

It is harder to discriminate between the speakers with breathinesslO than with breathiness8
because the F-ratio is smaller and the post hoc result.s show fewer speakers that have significantly
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different breathinesslO scores than breathiness8 scores. However, the differences are very small.
For the same reasons as with breathiness8, we have to be careful with concluding that the result
is significant.

In figure 19 it can be seen the hoarseness complaints ratings do give some indication of the
degree of breathiness. But not as well as for the breathiness8 measurements.

5.3 Frequency information

In section 4.4 it was already mentioned that there are several measurements concerning the
fundamental frequency (ID) and the first formant (F!). These are: ID, Fl, Fl - fO, ID/Fl,
correlation of if) and Fl, variance of ID, variance of Fl, variance of Fl -It) and the variance of
f'O/Fl. For the same reasons as with breathiness the results per are used sentence and again the
results per frame are given in appendix B. From figure 20 it can be seen that the best features for
discriminating between the speakers seem to be Fl - II), fO/Fi, ID and Fl. The mean values on
these features are different and the standard deviations are very small for most speakers. This
is exactly what is tested by the F-ratio (intra-speaker variability/ inter-speaker variability).

500—

300 ta
200

Figure 20: Frequency information (Fl - fO, rn/Fl, fO, Fl, variance of if), variance of Fl,
variance of Fl - ID, variance of ID/Fl and the correlation of fO and Fl). The circles represent
the mean for a sentence and the lines represent the standard deviation.

The results of the MANOVA showed a F-ratio of 13.373 with a significance of .000. This means
that there is a significant difference between the speakers. To get a little more insight in the
importance of the dependent variables we can perform an ANOVA for every dependent variable.
Table 5 shows that the only significant features are MEANFF (fO), MEANFT (Fl), MEANRAT
(rn/Fl), MEANDIF (Fl - fO) and VARRAT (variance of ID/Fl).
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Feature F-ratio Significance
MEANFF 92.721 .000
MEANFT 25.826 .000

MEANRAT 25.435 .000
MEANDIF 6.198 .000
VARRAT 2.912 .015
VARFF 2.064 .070
VARFT 1.879 .099
VARDIF 1.588 .167

CORFFFT 1.255 .297

Table 5: Univariate F-ratio's en significance for MEANFF (tO), MEANFT (Fl), MEANRAT
(rn/Fl), MEANDIF (Fl-rn), VARRAT (variance of rn/Fl), VARFF (variance of m), VARFT
(variance of Fl), VARDIF (variance of Fl-rn) and CORFFFT (correlation tO and Fl).

With respect to ANOVA it was already mentioned that a significant result does not tell us any-
thing about the way the speakers differ in their means with respect to the dependent variables.
Next to that, the separate ANOVA's do not take into account possible correlations between the
dependent variables which can be important in describing the differences between the speakers.

The results of the post hoc test are summarized in table 6. Table 6 shows which speakers have
significantly different scores for 5 of the features that were measured. For the other features
there is no significant difference between any of the speakers. Speakers 7 and 8 have significantly
different MEANRAT and MEANFF scores, but compared to each other they are the same.

For the discriminant analysis only the 5 variables were used that showed significant differences
between the speakers. The results showed that there are two significant functions which together
account for 98.7% of the variance. To see how the features relate to these functions we have to
look at table 7. This table gives the correlation of each function with the original features. The
first function has a high correlation with MEANFF (.986), MEANRAT (.429) and MEANFT
(.466) and the second function correlates high with MEANRAT (.832), MEANDIF (-.725) and
MEANFT (-.660). Figure 21 shows how the first 2 functions separate the groups. In this figure
we can see that with function 1 we can easily discriminate speakers 7 and 8 from the other
speakers (with the features 'vIEANFF, MEANRAT and MEANFT). This is not a really big
surprise because speakers 7 and 8 are the male speakers and fO has the biggest contribution in
this function. Recall that that fO can best be used to distinguish between males and females
(section 2.4). \Vith function 2 speakers 3 and 8 can be discriminated from the rest (MEANRAT.
MEANDIF and MEANFT). But there still are some speakers (1, 2, 4, 5 and 6) who are hard to
discriminate between with these functions. VARRAT has little influence on the functions which
was also expected from the results of the separate ANOVAs.

From the results of the MANOVA and the discriminant analysis it can be concluded that with
10, Fl, Fl-ID and ID/Fl a discrimination between the speakers can be made. However, there
still are some speakers that are very much alike for these features and are therefore hard to
discriminate between. Next to that, we have to be careful with concluding that there are
significant differences between the speakers because not all the assumptions for MANOVA and
the discriminant analysis are satisfied (only the measurement scale assumption is met).
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MEANFF MEANFT MEANRAT MEANDIF VARRAT
1-3 1-3 1-7 1-3 1-3
1-4 1-7 1-8 2-3 3-7
1-6 2-3 2-3 2-8
1-7 2-7 2-4 3-4
1-8 3-4 2-7 3-5
2-3 3-5 2-8 3-6
2-4 3-6 3-7 3-7
2-6 3-7 3-8
2-7 3-8 4-7
2-8 4-6 4-8
3-4 4-7 5-7
3-5 5-7 5-8
3-7 6-7 6-7
3-8 6-8 6-8
4-5
4-6
4-7
4-8
5-6
5-7
5-8
6-7
6-8

Table 6: Each number-number pair represents two speakers that have significantly different
scores on one of the features MEANFF (fO), MEANFT (Fl), MEANRAT (fo/Fi), MEAN-
DIF (Fl-rn) and VARRAT (variance of rn/Fl). For the other features none of the speakers
had significantly different scores.

Feature Function 1 Function 2 Function 3 Function 4
MEANFF 0,986 0,021 0,058 -0,156

MEANRAT 0,429 0,832 0,126 -0,328
MEANDIF 0,008 -0,725 0,336 0,601
MEANFT 0,466 -0,660 0,338 0,483
VARRAT 0,093 -0,364 0,684 -0,625

Table 7: Structure matrix: correlations of each function with the original features
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6 Discussion

The aim of this project was finding text independent features that can be used for spenkr
recognition. One of the reasons for using the cochlea model for this research is the exc11nt
human performance level with speaker recognition. \Vith the cocfflea model (section 4.1), a part
of the human (speech) signal processing is modelled. The analysis of the cochlea model output
(section and 4.2 and 4.3) makes the search for features possibly more like humans would ext iwt
features. The problem is that only a part (nevertheless a big part) of the total processing of tia
acoustical signal that normally goes on from the outer ear to the cortex is modelled. Little is
known about what exactly happens after the excitation of the auditory nerve. It might be t hat
there are processes in the cortex that also play and important part in speaker recognition.

The results showed that the breathiness and frequency information features can be useful for
distinguishing between speakers. There are however some aspects, like the reliability of t Ii
features and the results, that need to be discussed here. There are two aspects that can infiueta
the reliability of a feature. The first aspect is about the developed methods. Do the develi )(

methods measure what they should measure? The second aspect concerns the feature select >11

criteria (The feature should: (1) occur frequently, (2) vary widely between speakers but t1
for a given speaker, (3) be easy to measure, (4) not change over time, (5) not be affected in
background noise and (6) not be affected by a conscious effort to disguise the voice (section
4.3). Do the breathiness and frequency information measurements satisfy these criteria? 1 lat
aspects will be discussed for breathiness and the frequency information features in section 6.1
and 6.2 respectively. In section 6.3 some suggestions are done for further research.

6.1 Breathiness

Theoretically voiced speech is perfectly periodic which means that for a given point in tiiia
there is only harmonic energy in the acoustical signal. Due to incomplete closure of the vocal
folds the aperiodic content of the acoustical signal will increase. This is called breathiness awl
therefore it can be defined as: total signal energy - harmonic energy. This is exactly what i
measured by the developed method for breathiness which indicates that it is breathiness that i
measured. Sigmund [34] mentioned that one of the spectral characteristics of jitter (freqi iii
modulation) is broadening of the spectral peaks. This would mean that, with the method hvl-
oped here, breathiness increases when jitter increases and therefore isn't independent of jitter.
The aim of this research was finding features that can be used for speaker recognition. iiir
the results showed that this can be done with the developed method for measuring breathiius.
the dependence on jitter is not a real problem here. But when jitter is also going to be used in
future research as a discriminating feature the dependence on jitter will be a problem.

The second aspect (satisfying the selection criteria) shows some problems for using breath iu
as a feature for speaker recognition. Since breathiness is a continuous process the first crite-
rion (frequent occurrence) is met. The interspeaker variability will be large when patlilial
voices and normal voices are compared. However, for speaker recognition we also want to find
differences between normal speakers. Because of the small differences between normal speábar
the method has to be very accurate and at the moment, with the current techniques this is nut
the case. Therefore, the interspeaker variability can decrease. Short-term changes in arousal or
emotional state can influence the amount of jitter [-1}. It was already mentioned above that tia
developed breathiness method is not independent of jitter and can therefore cause in i1ura.
of the intraspeaker variability. It can then be concluded that the second criterion is pihlv
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not satisfied. The third criterion depends largely on the amount of background noise (criterion
5). \Vith background noise the breathiness value (total signal energy - harmonic energy) will
incorrectly increase. This makes breathiness noise dependent. The only solution would be to
separate the background noise from the rest of the signal and that is not an easy thing to do.
In the beginning of this project it was already known that breathiness is not independent of
background noise. This has not been a problem because clean speech signals were used for this
research. The breathiness value can slightly change over time for a speaker (criterion 4) due to
aging and sickness which can change the characteristics of the vocal folds. Disguising the voice
by for example whispering will also influence the amount of breathiness (criterion 6).

ANOVA was used as the statistical method for determining if speakers can be distinguished with
the breathiness measurements. As I already mentioned in the results section, a significant out-
come of ANOVA only tells us that there are differences between persons concerning breathiness
but not how they differ. In the extreme case, it can be that only one person is very different
from the rest. Therefore, the significance of this test does not tell very much. The post hoc test
of ANOVA reveals that it is indeed one person that significantly differs from the rest. It can be
concluded that with the method for measuring breathiness it is difficult to discriminate between
speakers.

Speakers differ in the amount of breathiness but the problem is mainly that the method for mea-
suring breathiness isn't accurate enough and breathiness also depends on other factors (back-
ground noise, disguise etc.). The advantage of measuring the amount of breathiness with this
method however is that it accounts for the nonlinear processing of sound by the human ear.
To solve the problem of dependence on jitter would be finding a way to measure the amount
of jitter for a speaker and correct the breathiness value in some way. For further improvement
of measuring breathiness other (text dependent) features that are know to correlate with the
amount of breathiness can be used. For example, Hanson [17] mentioned a few other parameters
that also correlate with breathiness. The bandwidth of the first formant and the spectral tilt
(amplitude of the first harmonic - amplitude of the third formant) have been known to differ for
different glottal configurations.

6.2 Frequency information

Recall from the previous sections that the frequency information features concern the funda-
mental frequency (if)) and the first formant (Fl). Spectral information from the cochleogram
is used for measuring fO and Fl. The formant estimator developed by Niessen [261 is used to
determine the place of the first formant.

There are some differences between 113 and F 1 concerning the selection criteria. (1) Frequent
occurrence, is satisfied by both features since they are present for every voiced sound in the
speech signal. (2) The interspeaker variability is large for both features (especially for different
sexes). The intraspeaker differences are large for 113 and Fl since the value of Fl depends on
the utterance and f'O on intonation and the emotional state of the speaker. (3) In clean speech
signals both features are easy to measure. But. when the signal contains noise it becomes more
difficult. Both features are measured by peaks in the spectrum. The effect of noise is flattening
of the spectrum which makes it more difficult to detect the peaks. (4) Characteristics of the
vocal tract and vocal folds can change due to aging and sickness change over time. For the
average speaker this will be slight changes. (5) Both features are dependent on background
noise in a sense that they are harder to measure in a signal that contains noise (criterion 3).
(6) The frequency of Fl is hard to disguise and as Wolf [37] indicated 10 is one of the easiest
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features to change when someone wants to disguise his or her voice.

The results of the frequency information measurements showed significant differences between
the speakers, but only for the features fO, Fl, Fi-fO, and rn/Fl. Because not all assumptions
are met we have to be careful with the conclusion that there are differences between speakers
concerning the frequency information features. But the large value of the F-ratio's of fO, Fl
and fO/Fi indicate that they are significant. Therefore, these features can be used for speaker
recognition. However, most of the criteria for feature selection are not met. This indicates that
speaker recognition with these features is probably not very reliable.

6.3 Features for further research

A method for nasality was not developed in this project but the general characteristics mentioned
by Fujimura [13] (section 2.4.3) can possibly be used to find text independent nasality. These
general nasality features can best be used in combination with text dependent nasality measures
(nasal consonants). A lot is known about the spectral characteristics of the nasal consonants
[m], [n] and {tj] and it seems that some of the aspects are promising for speaker recognition [30].
The second feature is the Long Term Average Spectrum (LTAS). This is the average energy
of a signal and is also indicated to be a promising feature for speaker recognition [2, 6]. It is
indicated that the first three formants are important for vowel identification [2, 3. 9, 29, 30, 34].
If this is the case for all speech sounds it could mean that there is text independent speaker
information in the higher formants or frequency ranges.
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7 Conclusions

Finding text independent features for speaker recognition purposes was the goal of this research.
It. was expected that this would not be an easy task. When there is no prior knowledge about
the speech signal, there will also be unexplained variation due to different utterances. The
first feature that was investigated is hoarseness. The periodicity aspects jitter, shimmer and
waveform shape change were not investigated. For normal speakers the percentage of these
aspects in the speech signal is very small and could not be accurately measured. The additive
noise aspect breathiness, could be measured in the signal. The results showed that it is hard
to distinguish between (normal) speakers with this feature. This is caused by two aspects: (1)
with the current techniques is it difficult. to accurately measure the amount of breathiness for
a speaker and (2) most of the selection criteria for features are not satisfied. Therefore, it can
be concluded that breathiness, as it is measured in this research, is not a feature that can be
used for speaker recognition. The second feature that was investigated is frequency information.
The results of the frequency information features showed that some of the features (fO, F 1, and
fO/Fi) can be used for speaker recognition. But again, the problem is the violation of most
of the selection criteria. Bacharowski and Owren [3] believe that vocal fold features are less
important than vocal tract features. The breathiness and frequency information features both
depend on the characteristics of the vocal folds (except Fl) and the results showed that these
features are not very reliable.

The first suggestion for further research concerns the developed method for breathiness. If the
current techniques for calculating spectral information are improved, more frames will meet the
selection criterion (finding the first 8 or 10 harmonics in a frame) and more accurate breathiness
measurements will be obtained. Perhaps breathiness can then be used as a text independent
feature for speaker recognition.

Of course breathiness and the frequency information features can also be combined with other
features which will make the speaker recognition more robust. The first feature is nasality. This
feature is not investigated in this project but there are characteristics (text dependent and text
independent) that possibly can be used for speaker recognition. Other features of which it is
said that they contain speaker specific information are Long Term Average Spectrum (LTAS)
and the higher formants.
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8 Appendix A

PERS Mean Std. Deviation N

1 3.71815 0.8349656 6

2 3.58045 0.4422587 6

3 5.486033 1.3937959 6

4 4.567833 0.5882975 6

5 3.916617 0.5603046 6

6 3.842283 1.0493115 6

7 3.786967 0.9992311 6

8 3.882733 0.5799874 6

Total 4.097633 0.9942623 48

Table 8: Descriptive analysis of Breathiness8

PERS Mean Std. Deviation N

1 3.57695 1.9036004 6

2 3.025583 0.4097504 6

3 4.964617 1.4277606 6

4 3.483117 0.5951791 6

5 3.134183 0.4257754 6

6 3.615667 0.5704341 6

7 3.2918 1.0324879 6

8 2.842817 0.5421627 6

Total 3.491842 1.1132147 48

Table 9: Descriptive analysis of BreathinesslO
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Variable PERS Mean Std. Deviation TF
MEAND1F 1

2

3
4
5

6
7
8

Total

46.702317
28.597633
121.704833
45.819467
47.045033
58.1847

61.248933
94. 181717
62.935579

13.5861379
16.3424915
57.3237784
9.4628569

33.5749102
17.6433351
12.1669209
39.7048694
39.7612139

6
6
6
6
6
6
6
6

48
MEANRAT 1

2

3

4
5

6
7
8

Total

0.844667
0.908017
0.786133
0.788233
0.861033
0.8665

0.632767
0.587217
0.784321

0.0397807
0.0521031
0.0614215
0.0378184
0.056567

0.0254949
0.0352913
0.0931489
0.1208508

6

6

6
6
6
6
6
6

48
MEANEF T

2
3
4
5
6
7
8

Total

213.79755
213. 193767
258.026067
172.648917
205.558883
242.568317
94.562583
110.9776

188.91671

12.5277953
14.0101495
20.9086285
20.4125534
7.0765238

11.4978164
11.1230732
17.0314671
57.4839018

6
6
6
6
6
6
6

48
MEANFT 1

2
3
4
5
6
7
8

Total

260.499867
241.7914
379.7309

218.468383
252.603917
300.753017
155.811533
205. 159333
251.852294

17.0472731
11.1144112
70.7012776
14.8188061
30.5842628
26.4740683
16.5584185
28.3694661
70.01 13108

6
6
6
6
6
6
6
6

48
VARFF 1

2
3
4
5
6
7
8

Total

1599.166667
1386.833333

2909.5
2338.166667
1008.166667
845.666667
195.833333

2495.666667
1597.375

410.1040925
1140.989118
964.2546863
679.3459845
763.5646447
805.2591301
103.437743

3977.454446
1698.608976

6

6

6
6
6
6
6
6

48
VARFT 1

2
3
4
5

6
7

8
Total

9925
4653.333333
4798 1.66667

2255
18941.66667
12893.33333
2436.666667
22708.33333

15224.375

10930.88057
5854. 176857
43067.87267
1197.76041

40309.36091
10106.40325
2541.178204
46550.06355
28905.96735

6
6
6
6

6
6

6
48

VARDIF 1

2
3
4
5
6
7
8

Total

7431.666667
3153.333333

37575
1416.666667

16560
9798.333333
2091.666667
20966.66667
12374.16667

9079.307059
3767.618169
34017.30604
804.7774019
36349.34552
7561.641136
2371.753922
44433.23201
25042.14667

6
6
6
6
6
6
6
6

48
VARRAT 1

2
3
4

5

6
7

8
Total

0.01515
0.02365

0.050483
0.028017
0.021733
0.036133
0.01 16

0.031667
0.027304

0.003311
0.0038088
0.0149488
0.0132556
0.0118946
0.0080074
0.0054969
0.0432086
0.0201474

6
6
6
6
6
6
6
6
48

CORFFFT 1

2
3
4
5
6
7
8

Total

0.651583
0.430583
0.570483
0.731717
0.551383
0.612767
0.5107
0.6448

0.588002

0.142631
0.3450854
0.2296307
0.1181653
0.1902668
0.1358623
0.2293185
0.1400918
0.2078567

T
6
6
6
6
6
6
6

48

Table 10: Descriptive analysis of the frequency information features
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9 Appendix B

The figures in this appendix are based on the measurements of breathiness and the tonality
distance features per frame. It has to be noted however that the name error bar is not completely
correct for these figures. Normally an error bar chart shows the mean value of a score for different
groups together with the error bars (standard deviations). In the error bar charts below the
mean value for one speaker is plotted with the error bars (standard deviations) for that speaker.

8

o f

b
2

I 2 3 4 5 6 7 8 9
person

Figure 22: Breathiness8 and breathinesslO results. The circles represent the mean for a
sentence and the lines represent the standard deviation.

45



0 2 4 6 8
person

o

U-

0
0> 0

0
o 2 4 6 8

peon

Figure 23: Frequency information (difference (Fl - fD), ratio (rn/Fl), the correlation (fO and
Fl), fO and Fl). The circles represent the mean for a sentence and the lines represent the
standard deviation.

5 10
sentence

Figure 24: Breathiness for 8 speakers when at least 8 harmonics are found. The circles
represent the mean for a sentence and the lines represent the standard deviation.
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Figure 25: Breathiness for 8 speakers when at least 10 harmonics are found. The circles
represent the mean for a sentence and the lines represent the standard deviation.
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Figure 26: Fundamental frequency - first formant for 8 speakers. The circles represent the
mean for a sentence and the lines represent the standard deviation.
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Figure 27: Fundamental frequency / First formant for 8 speakers. The circles represent the
mean for a sentence and the lines represent the standard deviation.

Figure 28: Fundamental frequency for 8 speakers. The circles represent the mean for a
sentence and the lines represent the standard deviation.
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Figure 29: First formant for 8 speakers. The circles represent the mean for a sentence and
the lines represent the standard deviation.

15000 15000 15000 15000

10000 10000 10000

8
-C

> 5000 5000 5000 0 5000

0 0 0
0 0000 0

0 000 0 0000
0 p 0

0 0 0 0
0 5 0 5 0 5 0 5

sentence sentence sentence sentence

15000 15000 15000 15000

10000 10000 10000 10000 0

8
C
.6
e
> 5000 5000 5000 5000

0
0 0

0
opoOg

0 0 OOO 0
0 5 0 5 0 5 0 5

sentence sentence sentence sentence

Figure 30: Variance of the fundamental frequency for 8 speakers. The circles represent the
mean for a sentence.
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Figure 31: Variance of the first formant for 8 speakers. The circles represent the mean for
a sentence.
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Figure 32: Variance of the difference between the first formant and the fundamental fre-
quency for 8 speakers. The circles represent the mean for a sentence.
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Figure 33: Variance of the ratio of the fundamental frequency and the first formant for 8
speakers. The circles represent the mean for a sentence.
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Figure 34: Correlation between fundamental frequency and first formant for 8 speakers. The
circles represent the mean for a sentence.
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Dankwoord

Tijdens mijn afstudeerproject zijn er een aantal mensen geweest die ervoor gezorgd hebben,
zowel op een begeleidende als een afleidende (sociale) manier dat ik binnen 9 maanden mijn
afstudeerproject heb kunnen afronden. Om te beginnen wil ik mijn begeleidsters Maartje Nille-
sen en Petra Hendriks bedanken. Bij Maartje, mijn begeleidster binnen Sound Intelligence, kon
ik altijd aankloppen met zowel inhoudelijke als frustrerende programmeer problemen. Petra
Hendriks, rnijn begeleidster bij Kunstrnatige Intelligentie, wil ik bedanken voor het herhaalde
nakijken van mijn scriptie.

lemand die zeker niet mag ontbreken in deze lijst van dankbetuigingen is Maria Niessen. Naast
het studeren van Kunstmatige intelligentie, het wonen in dezelfde straat en bet hebben van
hetzelfde bijbaantje was het doen van een gezamelijk afstudeerproject onvermijdelijk. Maria
heeft voor de nodige afleiding kunnen zorgen tijdens de lange werkdagen. Mijn frustraties over
het dagelijkse leven en het project bleven Maria niet bespaard, maar ze wist altijd weer geduldig
te luisteren.

Binnen Sound Intelligence zou ik Tjeerd Andringa en Peter van Hengel willen bedanken voor
het geven van tips en het helpen bij inhoudelijke problemen. Daarnaast wil ik ook de andere
medewerkers van Sound Intelligence bedanken. Zij zorgden ervoor dat mijn lachspieren niet
versiapten, niemand verhongerde, en dat goede discussies niet achterwege bleven.

Tot slot wil ik Marijtje van Duijn bedanken voor bet helpen bij de statistische problemen, mijn
vrienden voor de welkome afleiding en de gezusters Kort voor het nakijken van mijn scriptie.
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