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ABSTRACT 

Automatic Speech Recognition is a very widely researched axea and has been 

so for the past several decades. There are several facets of speech recognition: 

continuous speech recognition, speech transcription, synthetic speech generation, 

and speaker recognition. Work has been done in all these areas, with varying 

degrees of success having been achieved. A lot of the work in speech recognition 

is the search for a speech parameter that contains enough information about the 

speech signal to where it can be used to concisely represent the signal and at the 

same time be used for any of the recognition applications. 

Fractal Geometry has seen a dramatic upsurge in the past decade or so in the 

fields of image processing and computer graphics. The ease with which fractals 

have been used to regenerate and represent complex shapes has fascinated 

researchers and scientists ail over the world. In some cases, the fractal dimension, 

the key parameter of fractal geometry, contains enough information about a 

complex shape to represent it, regenerate it, and recognize it from any other. 

The thrust of this thesis is to investigate the applicability of the fractal 

dimension as a parameter in some speech recognition applications. Almost no 

work has been done in this area; we would like to see how well fractals can be 
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used in speech analysis. This thesis is a report of preliminary investigations done 

in attempting to combine these two seemingly diverse fields in an attempt to 

lead us one step closer to the ultimate goal of fully automatic speech recognition. 
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CHAPTER I 

INTRODUCTION 

This thesis describes the research performed in an attempt to combine two 

diverse, actively researched fields: automatic speech recognition and fractal 

geometry. 

1.1 Problem Definition 

Automatic speech recognition is a difficult and as yet unsolved problem. 

Researchers and scientists have been attempting to develop a system that can 

fiuently understand human speech in real time. Automatic speech recognition 

has several sub-areas of research problems, that if solved individually, could lead 

to the ultimate goal of fully automatic speech recognition. The research 

described in this thesis concentrates on three of these sub-areas. 

1. Voiced/Unvoiced Region Separation 

2. Speaker Recognition 

3. Excited/Unexcited Speaker Identification. 

Many schemes exist that attempt to solve each of these areas. This thesis 

describes our innovative study of the applicability of the fractal dimension as a 
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new parameter in the above three speech recognition applications. We were 

interested in determining if the fractal dimension could be calculated over 

phoneme-time scale speech segments and correlating the value of the frxu:tal 

dimension to the nature of the speech segment—voiced or unvoiced. We were 

also interested in determining if the fractal dimension could be calculated for 

entire words, and if this dimension value showed any speaker variance, and along 

with speaker variance, invariance over the same speaker excited or unexcited. 

While the goal of the research was not to build a full-fledged speech recognition 

system, we were attempting to establish the fractal dimension as a definite 

parameter to be used in future speech recognition systems. 

1 9 PmhUmi Motivation 

Fractals have been very widely used in image processing and pattern 

recognition applications. Fractals are very easy to use to represent, regenerate, 

and recognize exceedingly complex shapes. In some cases, the fractal dimension, 

the key parameter of fractal geometry, contains enough information about the 

complex shape for all of the above functions. In addition to ease, fractals provide 

an unbelievable amoiuit of savings in storage space and cost to represent natural 

complex shapes. The speech signal has a high frequency content, and can be 

seen to exhibit similar fr^ictal characteristics to coastHnes. This property 

motivates us to characterize speech as a fractal and analyze the usefulness of this 
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characterization in the speech recognition applications listed in the previous 

section. 

1.3 Conclusion 

We were able to determine that speech graphs do indeed possess fractal 

characteristics to four scales of magnification. We then calculated the fractal 

dimension of short-time segments within each speech graph in an attempt to 

determine if a difference existed between the dimension of the voiced and the 

unvoiced regions. The data at our resolution did not show any such correlation. 

The fractal dimension of the entire words wa^ used for the other two 

experiments, and reasonable promise was shown in each one. More data and 

more tests will be needed to statistically correlate this result. However, our 

results showed that these two sub-areas are worthwhile research areas to be 

pursued in this manner. 

Chapter II describes the research area of automatic speech recognition in 

more detail. Chapter III introduces fractals, and the concepts of self-similarity, 

scale-invariance, and fractal dimension. Chapter IV describes the manner in 

which we combined these two areas and details the speech data used in the 

experiments, and the actual experiments themselves. Chapter V analyzes the 

results outlined, and Chapter VI concludes the thesis with recommendations for 

future work in this area. 

" \ 



CHAPTER n 

AUTOMATIC SPEECH RECOGNITION 

Automatic speech recognition is a diflficult and unsolved problem. Ever since 

Tihamer Nemes had his patent for an automatic speech transcriber turned down 

in 1930 [1], researchers and scientists ail over the world have been searching for 

new breakthroughs in attempting to develop systems that can recognize human 

speech in real time or "talk" coherently. This chapter provides some background 

on some of the current methods in automatic speech recognition systems. 

2.1 The Physiology of Speech Production 

Before we delve into the technology behind speech analysis, it would be 

appropriate for us to briefiy examine the physiology behind speech production. 

Figure 2.1 shows a schematic diagram of male human vocal and nasal tracts. 

This figure has been adapted from Flanagan et al[2]. 

The vocal tract is approximately seventeen centimeters long and is 

terminated by the glottis (the openings to the vocal cords) at one end and lips at 

the other [3]. The cross-sectional area of the tract is controlled by the placement 

of the lips, jaw, tongue, and velum. The area Ccin vary between zero (complete 

closure) to about twenty square centimeters [2]. The nasal tract stretches from 

X ^ 
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Figure 2.1: Human Vocal and Nasal Tracts 
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the velum to the nostrils and is about twelve centimeters long. The 

cross-sectional area of this tract is controlled by the velar opening and this area 

varies between zero and approximately five square centimeters [3]. 

The elementary speech sounds are called phonemes [3]. Each phoneme 

represents a different sound. Phonemes are grouped into classes based upon the 

mechanism of their production. A list of the phonemic classes and their 

respective methods of production is listed below. 

2.1.1 Vowels 

Vowel sounds are produced exclusively by the vocal cord excitation of the 

tract [3]. The tract is maintained in a relatively configuration throughout the 

sound. There is negligible nasal coupling; ail radiation is from the mouth. These 

sounds are also known as voiced sounds. 

2.1.2 Consonants 

Consonants are characterized by greater tract constrictions than vowels. 

They could also be excited or radiated differently [3]. Consonant sounds are of 

three types. 

2.1.2.1 Fricatives 

Fricative consonant sounds are produced from an inherent noise excitation of 

the vocal tract [3]. There is a point of constriction in the vocal system, formed 
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for instance by the tongue behind the teeth. The noise is generated by turbulent 

air flow at the point of constriction [3]. Radiation always occurs from the mouth. 

Voiced fricatives are formed when the vocal cord source operates in conjunction 

with the noise source. If only the noise source is used, the fricative is unvoiced. 

2.1.2.2 Plosives 

Also known as stop consonants, plosives axe generated from making a 

complete closure at some point in the vocal tract, building up air pressure 

behind the closure, and abruptly releasing it [2]. The sound is characterized by 

the explosion and aspiration of air [3]. As is the case with fricatives, voiced stops 

are generated by vocal cord activity in conjunction with the noise source and 

unvoiced stops by only the noise source. 

2.1.2.3 Nasals 

Nasals are normally voiced since they are excited by the vocal cords [3]. A 

complete closure is made at the front of the vocal tract. The velum is opened 

wide and the main sound transmission channel is provided by the nasal tract. 

Most sound radiation takes place at the nostrils [3]. 

y ^ 



2.1.2.4 miHp<. 

Glides are the groups of consonant sounds that greatly resemble vowels. 

They are characterized by voiced excitation of the vocal tract, no nasal coupHng, 

and sound radiation at the mouth [3]. 

2.1.2.5 Affriratps 

Affricate sounds axe produced by combining stop and fricative consonants. 

They axe produced as a combination of the two methods. 

Figure 2.2, adapted from [3] shows ail the phonemes, their common phonemic 

symbol, whether they axe vowels or consonants, and if consonants, what type, 

and an example of a word they occur in. The phonemes are all relatively broad 

in spectrum. The vocal tract acts as a time-varying filter to impose its spectral 

chaxacteristics on the sources [2]. 

2.2 Digital Representation of Speech Signals 

Human speech, as generated by the vocal tract is a continuous signal. Digital 

computers are poorly adapted to modeling continuous-time systems directly [4], 

therefore, for speech analysis by computer, the speech signal needs to be 

converted to a discrete-time signal. Discrete-time signals are those that are only 

defined at discrete times. Usually, the discrete times tk are such that the time 

between the samples is a constant. 

" ^ 



Phoneme 

N 
N 
N 
hi 
M 
1^1 
1^1 
IN 
Idl 
N 
1X51 
N 
1^1 
N 
hi 
IPI 
N 
1^1 
N 
1^1 
N 
HI 
M 
/b / 
/d/ 
l%l 
bl 
N 
N 
/m/ 
N 
hi 
N 
1^1 
hi 
N 

Ml 
h^l 

Word 
eve 
it 

hate 
met 
at 

bird 
over 
up 
ado 
boot 
foot 
obey 

aU 
father 
vote 
then 
zoo 

azure 
for 
thin 
see 
she 
he 
be 

day 

go 
pay 
to 

key 
me 
no 

sing 
you 
we 

read 
let 

chew 
jar 

Type of Soimd 
. Vowel 

Vowel 
Vowel 
Vowel 
Vowel 
Vowel 
Vowel 
Vowel 
Vowel 
Vowel 
Vowel 
Vowel 
Vowel 
Vowel 

Voiced Frictive 
Voiced Frictive 
Voiced Frictive 
Voiced Frictive 

Unvoiced Fricative 
Unvoiced Fricative 
Unvoiced Fricative 
Unvoiced Fricative 
Unvoiced Fricative 

Voiced Plosive 
Voiced Plosive 
Voiced Plosive 

Unvoiced Plosive 
Unvoiced Plosive 
Unvoiced Plosive 

Nasal 
NeLsal 
Nasal 
GHde 
GHde 
GHde 
GHde 

Affricate 
Affricate 

Figure 2.2: Phonemic Sounds of the General American Dialect 

Sa.. 



10 

2.2.1 SampHng Theorem 

When approximating a continuous signal by a discrete-time signal, there is 

always the risk of losing important information in between the sampling times. 

This not only causes the discrete-time signal to be an inaccurate representation 

of the continuous signal, but also maices the regeneration of an accurate version 

of the original signal impossible [4]. Both of these problems disappear if the 

continuous signal is sampled at a high enough frequency. The sampling theorem 

states that if the sampHng frequency (/,) is at least twice the highest frequency 

component in the signal, the discrete-time signal will be a unique and exact 

representation of the continuous signal [4,5]. If, however, the spectrum contains 

a single impulse of the same frequency as the highest frequency component of the 

signal, the sampling frequency should be greater than twice the highest frequency 

component rather than equal to twice the highest frequency component. 

The minimum bandwidth of intelligible speech is between three and four 

kilohertz. Therefore, / , for speech digitization usually ranges between eight and 

ten kilohertz. 

2.2.2 Digitization of Speech 

As seen in Section 2.2.1, for an accurate discrete-time representation of a 

continuous signal, the continuous signal needs to be sampled at a frequency at 

least twice the minimum bandwidth of the continuous signal. This minimum 

X 



11 

acceptable sampling rate is known as the Nyquist rate. The actual sampHng 

frequency (/,) is therefore chosen to be at or above the Nyquist rate. To discard 

ail frequency components above fsl2 in the speech signal, the signal is usually 

preceded by an antialiasing filter. This ensures that / , is indeed at least the 

Nyquist rate. Speech signals axe generally band-limited to three and a half to 

four kilohertz and / , is generally eight to ten kilohertz. 

The digitization of speech consists of band-limiting the speech signal, 

sampling it at a sampling frequency / , > Nyquist rate, and sending the sampled 

values through an A/D converter for a binary value proportional to the 

amplitude of the signal at the sample point. The number of bits that the A/D 

converter digitizes the amplitude values to is called the quantization value. This 

value is generally twelve bits for speech signals. 

The finite step size that is inherent in the quantization of the digitized signal 

causes errors in the encoded signal [4]. These errors contribute to the noise in 

digitized speech. The error in any given sample is the difference between the 

input value and the nearest quantization step this input value is represented at 

in the digital signal. The ratio between the signal power and noise power in the 

speech signal is called the signai-to-noise (S/N) ratio. This ratio is is given by 

12 X 2^25-2) 
S/N = ^ ^ ^ (2.1) 

y^ . I ...JJ .s 
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where B is the nimiber of quantization bits and h is the headroom factor. The 

headroom factor is the margin of safety by which the signal variance is less than 

the saturation level [4]. 

With this knowledge of how speech is produced by humans and converted to 

a form ready to be worked on by computers, we can now look into the 

technology behind computer speech analysis. 

2.3 Representational Parameters of Speech 

A digital speech signal contains a lot of information about the speech 

segment it represents; be it a single word or a longer more continuous speech 

segment. This information, however, can be extremely excessive, and depending 

on the speech recognition task that is desired to be performed, inconvenient and 

maybe even impossible to deal with. Therefore, a parametric representation, 

that discards "irrelevant" information and places the desired features clearly in 

evidence would be desired over a representation that maintains all inherent 

information [5]. For example, if we desire to maice a three-way classification 

between voiced speech, unvoiced speech, and silence, the "energy" function 

would be the paxameter that we would use since it possesses the most variance 

over these three regions. A description of the "energy" function is given in 

Section 2.3.1.1. 
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Many parameters exist that axe used in speech recognition, synthesis and 

perception applications. These parameters may be divided into two distinct 

types: time-domain and frequency-domain [6]. 

2.3.1 Time-Domain Parameters 

Time-domain parameters to represent speech signals are those parameters 

that axe processed from the speech signal directly [5]. Time-domain parameters 

axe calculated over "short" time intervals- -usually about phoneme time-scale 

intervals. This is because the properties of a speech signal change relatively 

slowly with time. Therefore, short segments of the speech signal axe isolated and 

processed as if they were short segments from a sustained sound with fixed 

properties [5]. There axe several of these parameters. We shall describe three 

such paxameters and explain their respective usefulness. The three parameters 

we shall talk about axe: 

1. Energy Functions 

2. Zero Crossings 

3. Autocorrelation Functions. 

y - ^ 
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2.3.1.1 Energy Functions 

The short-time energy function is one of the most basic speech parameters. 

Energy for a discrete function is defined by 

E= f: x'{n). (2.2) 

For a speech signal, the energy measurement is made over short time-segments 

across the entire speech graph. In this case, it is reasonable to define the energy 

measurement at a sample point x{n) by 

i V - l 

E{n) = ^ \w{m) X x{n - m)| (2.3) 

where w(m) is a window that selects a section of the speech graph and iV is the 

time-range over which the measurement is made. 

The energy measurements are primarily used to separate the voiced and 

unvoiced sounds [6]. Energy for voiced speech is significantly higher than that for 

unvoiced speech. For high quality speech (high signal to noise ratio), the energy 

function measurements can be used to sepaxate unvoiced speech from silence [5]. 

2.3.1.2 Zero-Crossings 

Zero-crossing measurements are very simple to calculate and are often used 

as a gross estimate of the properties of a speech signal [6]. A zero-crossing is said 

to occur between points n and n — 1 if 

sign(x(n - 1)) ^ sign(a:(n)). (2.4) 

• ' ^ 
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Short-time zero-crossing rates are related to the frequency content of the speech 

signals. High frequency content speech has a "high" zero-crossing rate while low 

frequency content speech has a "low" zero-crossing rate [5]. The obvious 

difficulty with this classification scheme is the definition of "high" and "low." 

However, the implication is that voiced speech segments that are harmonic in 

nature will have a lower zero-crossings rate than unvoiced speech segments. 

Therefore, in a broad sense, the zero-crossings measure can be used along with 

the energy measurements to sepaxate voiced and unvoiced speech segments. 

2.3.1.3 Autocorrelation Functions 

The short-time autocorrelation function is a good method to determine 

whether the speech signal is periodic or not. The autocorrelation function is 

given by 

1 ^ 
^(k) = lim -—z—7 y^ x(Tn)x(m -\- k). (2.5) 

The autocorrelation function of a periodic signal is periodic [5]. Therefore, if the 

autocorrelation function is periodic, the speech signal can be determined to be 

periodic too. Therefore, the autocorrelation function provides a good method to 

determine periodicity in speech signals [6]. 

X 
k k 
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2.3.2 Frequency-Domain Parameters 

The main frequency-domain speech parameter is the spectrogram. A 

spectrogram is a time-frequency-intensity plot of the speech signal. A 

spectrogram is important in speech analysis because it displays the fundamental 

frequency of excitation and the frequencies of the vocal tract resonance, both of 

which characterize the speech waveform [7]. 

Spectrograms are generated by determining the power spectrum of 

short-time speech segments. Again, the underlying assumption is that spectral 

characteristics of speech change slowly as a function of time, so over a short-time 

segment, the spectral chaxacteristics can be considered stationary. The 

frequency is plotted ordinally against an abscissal time, the intensity of the plot 

being proportional to the log magnitude of the power spectral density. 

Figure 2.3, taken from [3], shows the spectrogram for various speech sounds. 

Oppenheim [7] describes a very good method to generate speech 

spectrograms using the Fast Fourier Transform (FFT). The Fourier Transform 

5(u;) of a time waveform s(t) is given by 

S{uj)= / s{t)exp-''^dt. (2.6) 

The power spectral density /(w) is then given by 

I(uj) = \S{u;)\' (2.7) 
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Figure 2.3: Speech Spectrograms 
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or 

I{u) = S{U)S*{LJ). (2.8) 

Oppenheim defines a function L((JJ) that is constant to some frequency a; = 6, 

then increases with constant slope. The log magnitude of /(a;) is multiplied with 

L{u;). This has the effect of enhancing the higher frequencies. He also defines a 

constant 7. By raising I{(*fyj the contrast is enhanced to make the spectral 

variations clearer. A value of 7 > 1 enhances the contrast while 7 < 1 decreases 

the contrast. Thus, the final spectral function to be plotted can be given by 

G{u;) where 

G(a,) = X(u;)[log/(a;)r. (2.9) 

The plot is made graphically with time along the z-axis, frequency along the 

y-axis and the intensity of blackness (one of four levels) plotted proportioned to 

the normalized magnitude of G(uj). 

A spectrogram of the word "FIVE" generated using this method, with L{u) 

constant to 40Hz, then increasing with slope 1.4, a value of 7 = 1.3, and four 

plot intensity values is shown in Figure 2.4. Spectrogrzmis contain a lot of 

information about the speech signal and are useful for graphically displaying this 

information. However, for comparison purposes by computer, they axe very 

inconvenient and cumbersome. Therefore, while they have been widely used for 

display purposes, as far as computer recognition and analysis of speech is 

concerned, spectrograms axe not the best parameter to use. 

L k 
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Figure 2.4: Spectrogram of Word "FIVE" 
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With this knowledge of speech production, digitization, and parametric 

representation, we axe now ready to examine some" of the technology behind 

speech recognition. 

2.4 Connected Speech Recognition 

As mentioned earlier, the dream that kicked off the research into automatic 

speech recognition was that of a phonetic typewriter. This dream has not yet 

been fulfilled. There are several reasons for this, and some of these are listed 

below: 

1. Humans reconstruct heard information from understood information, which 

machines cannot do [1]. Since acoustical variables are not mapped one to 

one onto phonetic vaxiables [4], human listeners rely on their knowledge of 

the spoken language to fill in the missing sounds. 

2. The speech signal contains talker-dependent variations as well as phonetic 

information and it is difficult to separate the two of them [4]. Thus, the 

acoustic characteristics of the same sound may be different for different 

talkers. 

3. In different contexts, people utter the same sounds differently. This causes 

the same underlying phoneme to have different acoustic characteristics in 

different contexts. This is known as coarticulation. 

^ 
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4. Externzd noise corrupts the speech signal. This causes poor machine 

performance in recognition; however, humans are able to distinguish the 

speech signal and recognize it even in the presence of interfering noise. 

The connected speech recognition problem has been divided into several 

sub-areas, some of which axe Isolated Word Recognition (IWR), Continuous 

Speech Recognition (CSR), and Speech Understanding (SU). Table 2.1, adapted 

from [9], chaxacterizes these areas in order of intrinsic difficulty. We will examine 

IWR in greater detail. 

2.4.1 Isolated Word Recognition 

As seen in Table 2.1, IWR is the easiest sub-problem area in connected 

speech recognition. This is because, for the most part, the talker is very 

cooperative and speaks the individual words slowly and clearly without slurring. 

Pauses between words make the separation of the words easier, and the 

coarticulation effect between words is minimized [4]. 

2.4.1.1 Recognition Strategy 

IWR uses a classical pattern recognition paradigm, where an unknown 

pattern is matched to the closest pattern of the stored known words [9]. The 

recognition is usually based on a maximum-likelihood measure [4]. The pattern 

to be matched is usually some sort of parametric representation of the word to 

y ' =̂  
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Table 2.1: Sub-Areas of the Speech Recognition Problem 

IWR 

CSR 

SU 

Mode of 
Speech 
Isolated 
words 

Connected 
speech 

Connected 
speech 

Vocabulary 
Size 

10-300 

30-500 

100-2000 

Task Specific 
Information 

limited 
use 

Umited 
use 

full use 

Language 

—— 

restricted 
command 
language 
EngHsh 

Speaker 

cooperative 

cooperative 

not 
uncooperative 
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identify the features (e.g., voiced and unvoiced regions) within the word and their 

respective locations. Some of the more common paxameters used in IWR are: 

1. Amplitude versus Time 

2. Zero-crossing Rate 

3. Energy Measurements. 

These features axe chosen to be as talker-independent as possible. A major 

drawback of IWR systems is that they have to be retrained every time a new 

talker wishes to use them. Another major drawback of these systems is that the 

vocabulary size has to be limited. Since a laxger vocabulaxy implies a larger 

search space, and a laxger seaxch space means longer periods of time to match 

the words, performance is degraded by a larger vocabulary. Sambur and Rabiner 

[10] describe a system that achieves speaker-independent recognition rates of 

about ninety-five to ninety-eight percent accuracy for the telephone vocabulary 

' of the spoken digits "ZERO" through "NINE." They used zero-crossing rates 

and energy measurements as gross chaxacterizations of the various sounds and 

the sounds were able to be conveniently interpreted in a speaker-independent 

manner. Another IWR system has been described by Itahashi, Makino, and 

Kido [11]. They used formant analysis and linear transforms to attempt to 

classify the Japanese phonemic sounds. They also used a word dictionary as a 

• ^ 
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further aid to their system. This system, however, needed to be retrained for 

every speaker with drops of thirty percent or more if this was not done. 

The above section gave a brief description of connected speech recognition 

with a more detailed look at IWR, the least difficult of the sub-areas of 

connected speech recognition. The next section describes another facet of the 

speech recognition problem, speaker recognition. 

2.5 Speaker Recognition 

Speaker recognition is an intriguing area of automatic speech recognition. 

Speaicer recognition is an area that has many practical applications, including 

voice-activated devices, forensic science applications, criminalogical applications, 

etc. The advantage of using voice chaxacteristics as a method of identifying a 

person, in contrast to using a memorized password, is that voice characteristics 

cannot be forgotten and are generally unique for each person (like fingerprints), 

and axe very difficult to imitate without a lot of intensive training. 

Speaker recognition may be divided into two main sub-areas: speaker 

identification and speaker verification [4,12]. Speaker identification entails 

matching an unknown voice token to one of N possible known tokens. Thus, 

there are N possible outcomes of a speaker identification experiment.^ Speaker 

verification entails deciding whether a given unknown token belongs to a specific 

^If one were to consider "none of the above" option as a possible outcome, 
there are N + 1 possible outcomes. 

^ 
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reference speaker or not. Thus, there axe only two possible outcomes to a 

speaicer verification experiment. The N outcome speaker identification is called 

"closed-set" identification, while the iV -f-1 outcome speaker identification is 

called "open-set" identification [12]. In closed-set identification, the problem 

entails matching the unknown token to 2L11 the known tokens, and selecting the 

known token it matches closest to as the speaker to be identified. In open-set 

identification, however, an added problem of determining whether the unknown 

token matched "closely enough" to any of the known tokens occurs, since an 

option of rejecting the unknown token as belonging to none of the known 

speakers exists. This is the main problem with the matching criteria in speaker 

verification as well. 

Speaicer verification and identification axe vastly different in their concepts 

and applications. Speaker identification primaxily has forensic and criminalogical 

applications, while speaicer verification's applications range primaxily within 

voice-activated devices. Thus, in speaicer verification applications, a restricted 

vocabulary and cooperative speaker may be expected to help ease the problem, 

but, system response has to be fast due to the nature of the applications. In 

speaker identification, however, speed of recognition may not necessarily be the 

key issue, but the speaker (a criminal for instance) may not be cooperative. Also, 

the vocabulary does not necessarily have to be restricted, and different speech 
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tokens may need to be used to attempt to identify the speaker. Figure 2.5, taken 

from [4], shows these and other diiFerences between the two areas. 

2.5.1 Strategies and DifiBculties in Speaker Recognition 

Both areas of speaker recognition have common strategies and difficulties. 

One of the major problems is that the "high-level" information that humans use 

in distinguishing speakers such as accents, dialects, etc., are not usable in 

computers. Second, the "low-level" information that is used by computers, such 

as spectral amplitudes, formant frequencies, etc., are encoded as non-linguistic 

articulatory variations of the basic speech signal [12]. This means that the 

speaker-discriminant features are carried indirectly in the speech signal, and may 

be viewed as "noise" applied to the basic message. Another major problem is 

that the same speaker may sound strikingly different at different times. This 

difference could either be caused by some sort of ailment, or just the external 

environment. Figure 2.6 shows the spectrograms of the same utterance by the 

same speaker at two different times. These spectrograms show how the speech 

characteristics can vary for even the same speaker saying the same thing. 

Most speaker recognition systems use formant frequencies and pitch contours 

as the parameters to attempt to distinguish speakers. Pitch contours are 

unconscious prosodic habits [4] and, thus, axe the haxdest to change or imitate in 

an attempt to fool the system. Formant frequencies are easy to displace, but. 
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Identification 
Talker may be reluctant 
Voice disguise a problem 
Must test many patterns 
System response can be slow 
Vocabulary may be different 

Channels may be poor or differing 

Signal-to-noise ratio may be poor 

Verification 
Talker is cooperative 
Mimicry a problem 
Need compare to only one pattern 
System response must be fast 
Vocabulary can be restricted to 
standard test phrase 
Can frequently control channel 
characteristics 
Can usually control signal-to-noise 
ratio 

Figure 2.5: Differences Between Speaker Identification and Verification 
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Figure 2.6: Speech Spectrograms of Same Utterance by Same Speaker at Two 
Different Times 
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show a great deal of variance over different speakers. Rosenthal [13] describes an 

automatic speaker verification system over telephone lines. He used pitch 

contours as a feature to identify the speakers, and was able to achieve accuracy 

to ninety percent for new customers, and ninety-five percent for old customers. 

The above section gives a brief introduction to speaicer recognition and 

outlines some of the problems and methods used to counter these problems. The 

following section concludes this chapter with a look ahead to future research 

directions. 

2.6 Conclusion 

The above chapter gave a brief overview of automatic speech recognition. 

The chapter started with a look at the speech production by humans, goes on to 

explain the digitization procedure, then described some of the representational 

parameters. Connected speech recognition, with an emphasis on Isolated Word 

Recognition is then examined along with speaker recognition. 

Automatic speech recognition is still an area in which active research is being 

pursued. New methods are constantly being looked for to enhance recognition 

performance. The latest addition to the world of automatic speech recognition 

has been the Hidden Markov Model. Moderate amounts of success have been 

achieved using this method. However, for the most part, no new parameter has 

been added to the world of automatic speech recognition. Researchers have been 
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playing around with energy measurements, spectrograms, etc., and trying 

various combinations of them to attempt bigger and better things. The following 

chapter describes fractal geometry and introduces a new parameter, the fractal 

dimension. 

i , • < ^ , ' , 

• j i ' . 



CHAPTER HI 

FRACTALS 

In the past two decades, the fields of natural pattern recognition and natural 

image processing have taken a dramatic upswing in popularity. Researchers the 

world over are looking for new and innovative ways to represent natural forms as 

well as to regenerate them. In 1975, B.B. Mandelbrot introduced to the worid 

"Fractal Geometry" [14]. 

3.1 Fractal Geometry 

Fractal Geometry has revolutionized the world of natural image processing. 

It has provided both a description and a mathematical model for many of the 

seemingly complex forms found in nature [15]. Until recently, ideal forms of 

lines, squares, cylinders, and spheres were used to represent images [16]. These 

ideal forms work well in a man-made environment and on man-made objects; 

however, to accurately represent natural forms and shapes, one needs a more 

thorough representational scheme. Fractal Geometry provides such a scheme. 

Fractals provide a way to both represent and regenerate natural schemes. 

Figure 3.1, taken from [15] shows a fractal planetrise. This artificial, but realistic, 

figure shows how fractals have been used in the field of computer graphics for 

31 
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Figure 3.1: Fractal Planetrise 
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the realistic rendering and modeUing of natural phenomena [15]. Fractals have 

also been used as a representational scheme for natural images [16] for purposes 

of pattern recognition and description computation from image data. 

Two key concepts need to be introduced and explained to understand how 

fractals axe used to represent natural shapes as well as they axe: self-similarity 

and fractal dimension. 

3.2 Self-Similarity 

Figure 3.2, taken from [15] shows the zoom sequence of a coastline. The 

top-left and bottom-right frames are the original figures, while each succeeding 

frame from left to right shows a portion of the previous frame magnified to a 

certain degree. The total magnification in the figure corresponds to sixteen 

million. As we examine each frame in turn, it appears to possess several similar 

chaxacteristics to the previous frame. Although no two frames look exactly alike, 

they look alike enough to where it is hard to believe that rather than being 

several portions at the same magnification of a coastline, they are successively 

magnified portions of one coastline. This property of similarity at several scales 

of magnification is called self-similarity. 

To better illustrate the property of self-similcirity, we can consider an 

example of a figure that does not illustrate this property. For instance, if an arc 

of a circle is magnified, then an arc from this arc magnified again, and this 

^ 
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Figure 3.2: Zoom Sequence of a Coastline 
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process carried out a few more times, a straight fine results. Thus, upon 

increased magnification, an arc does not show more arcs within it. Therefore, an 

arc of a circle is not self-similar. 

The magnified portions of natural shapes do not look exactly hke the 

originals. They share many of the same features; however, if a magnified portion 

of a coastHne is overlaid on the original, they will not look exactly alike. Also, 

since these axe natural fractals, they axe constrained by the finiteness of the 

building blocks of object [17]. Thus, they exhibit self-similarity to a limited 

number of scales. If self-similarity can be seen to four to ten scales of 

magnification, these natural objects can be considered fractal. This type of 

self-similaxity, where the magnified curve looks qualitatively like the original 

rather than quantitatively like it, is called statistical self-similarity [18]. 

Several mathematical fractals, such as Koch's Triangles and Minkowski's 

Sausage [14] have been created where the magnified portion looks exactly like 

the original. If the magnified portion is overlaid on the original, they will overlap 

exactly. Also, since these fractals are created mathematically, they are 

self-similar to a^ many scales of magnification as determined by the creator of 

the fractal. This kind of self-similaxity is called exact self-similarity. Figure 3.3 

shows Koch's Triangles at four scales of magnification. 

Self-similarity in turn introduces the concept of scale-invariance. Since 

fractals (both natural and mathematical) are so alike at all scales, the idea of 
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Figure 3.3: Koch's Triangles to Four Scales of Magnification 
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being able to quantify them with a single number becomes more realistic. This 

number is the "fractal dimension," and as will be explained below, it contains 

almost ail the information about a fractal. 

3.3 Fractal Dimension 

The traditional notion of dimension has always been the topological 

dimension {Dj)- DT corresponds to the number of parameters the curve can be 

parameterized by. For Euclidean forms such as circles, parabolas, etc., DT is an 

adequate measure of the dimension of the form since ail circles are basically alike 

a^ are ail paxabolas. However, for natural forms such as coastlines, this 

traditional dimension is not adequate. Every coastline has DT = 1; however, two 

coastlines can be different enough to where it would seem appropriate to have 

two different values for their dimension. Similarly, all surfaces have DT = 2 and 

this again may well be inappropriate to accurately classify and represent the 

shape. 

In the previous section, we saw how natural shapes possess the property of 

self-similaxity. At higher levels of magnification, more detail is revealed. 

Euclidean shapes do not possess this property. When we talk about the length of 

a curve, we measure the curve with a measuring stick of length e and see how 
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many stick-lengths it takes to traverse the curve N{e). The length of the curve 

L{e) is then given by 

1(e) = iV(e) X e. (3.1) 

Since Euclidean shapes do not possess self-similarity, as e gets smaller, the 

measuring stick does not traverse any part of the curve that would have been too 

small to be noticed by the bigger measuring stick. Thus, the ratio in the 

decrease in e will equzd the ratio in the increase of N(e) and for all values of e, 

L(e) will be a constant. 

In the case of fractals, however, as e gets smaller, the measuring stick will 

measure more detail in the curve, causing N{e) to increase faster than the 

decrease in e. Therefore, Eqn. (3.1) does not hold for fractal curves, since we 

want L(e) to be a constant independent of e. We can, however, modify Eqn. 

(3.1) in the following manner: 

L(e) = iV(e) X e^, (3.2) 

where D is the "fractal dimension" of the curve. Since the topological dimension 

of any curve is 1, and to ensure L(e) to be constant, D must be greater than or 

equal to 1, we can see 

D > DT- (3.3) 

To calculate D, we normalize L{e). Therefore, 

l=N(e)xe^, (3.4) 



39 

or 

N{e) = e-^. (3.5) 

Taking logarithms in Eqn. (3.5) yields 

logiV(e) = - D x l o g e , (3.6) 

or 

- D = M ! ) . (3.7) 
loge 

However, since D is not a measure of scale, but a quantification of the entire 

curve, we want to calculate 15 as a Umit of the log-log ratio as e —>• 0. Therefore, 

_ C = U ^ l 2 i ^ , (3.S) 
«-o loge ^ ^ 

or 

D = hm^^f^. (3.9) 
.-0 logi 

From Eqn. (3.9) we can see how D will vary from one fractal curve to another. 

If we maintain e to be a constant, then based upon the "roughness" [16] or 

"wiggliness" [15] or the curve, N{e) will vary causing D to vary proportionately 

with log A^(€). Thus, if the curve is "rougher" or fills the hypercube of the next 

higher dimension to a greater degree [17], N{e) will be greater and thus D will 

be higher. Likewise, if the curve is "smoother," D will be smaller. Therefore, D 

provides a measure of the roughness of the curve and can be used as an 

identifying factor between two fractal curves. 
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To compute D, the form of Eqn. (3.8) is used. iV(e) is calculated for various 

values of e and a least-squares line fit made of the points on a log-log scale. The 

slope of the resulting fine is —D. If this process were being caxried out on a 

mathematical fractal with exact self-similarity, the least-squares fitting line will 

pass through all the points on the graph, since the ratios of increase in N{e) and 

decrease in e axe constant at ail scales. If, however, this process is carried out on 

a natural fractal possessing statistical self-similarity, the least-squaxes fitting line 

will only come very close to the points. However, the fact that the points do 

indeed come close to the line indicates that this quantification of a complex 

curve with a single number is not only plausible but also accurate. 

3.3.1 An Example 

To illustrate the fractal dimension better, we shall consider the example of 

Koch's Triangles shown in Figure 3.3. This mathematical fractal is created by 

removing the middle third of every line segment and replacing it with an 

equilateral triangle. Since the exact same procedure is repeated over and over 

again, this fractal is exactly self-similar. 

The first figure shows that e = 1 will measure iV(e) = 1. The second figure 

shows that e = | will be able to measure N{e) = 4. The third figure shows e = \ 

measuring N{e) = 16, while the fourth figure shows € = ^ measuring -V(e) = 64. 

Table 3.1 shows this relationship in a better manner. 
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From Table 3.1 we can see that e = -^ and N{€) = 4" where n = 1 ,2 ,3 . . . . 

Therefore, Eqn. (3.9) can be written as 

log 4" 
D = lim - V , (3.10) 

n - o o l o g 3 " ' ^ ^ 

or 

Therefore, 

X) = lin, ! L l 2 S | . (3.11) 
"-̂ oo n log 3 

D = 1 ^ = 1.26. (3.12) 
log 3 ^ ' 

Figure 3.4 shows a least-squaxes line fit for Koch's Triangles to nine scales of 

magnification. The exactness of the fit is a clear indicator of the exactness of the 

self-similarity inherent in this fractal. 

From the above descriptions of self-similarity, scale-invariance and fractal 

dimension, it is clear to see how fractals have and can be used so well in natural 

pattern modelling and representation. Image processing, pattern recognition, 

and computer graphics have ail benefitted from this new field and the ease with 

which it can deal with the complex forms of nature. Figure 3.5, adapted from 

[15] shows the key differences between fractal and traditional Euclidean 

geometry. 

3.4 Conclusion 

The previous two chapters have defined the problem of automatic speech 

recognition, and the applications of fractal geometry to image processing, 
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EUCLIDEAN 
• based on characteristic size or scale 
• suits only euclidezm forms 
• possess dimension that is the same 
for all forms in a space 

FRACTAL 
• scale-invariant 
• suits natural forms 
• dimension is different 
for every form 

Figure 3.5: Comparison of Euclidean and Fractal Geometries 
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pattern recognition, and computer graphics. The next chapter describes how we 

would like to investigate the use of the fractal dimension as a parameter in some 

speech recognition applications. 



CHAPTER IV 

PROBLEM FORMULATION AND APPROACH TO 

SOLVE IT 

Chapter II described the axea of automatic speech recognition, outlining the 

current problems that axe still being tackled in this area. Chapter III introduced 

fractal geometry and outlined its applications to image processing and computer 

graphics, describing how fractals have successfully been used to represent and 

model natural, complex shapes. This chapter will describe how we plan to 

combine these two areas in an attempt to provide some answers to some 

unanswered questions. We would like to analyze the speech graph as a visual 

signal, and determine if it possesses fractal characteristics. We would then like 

to investigate the degree to which a fractal characterization of a speech graph 

can be used to solve some of the problems in automatic speech recognition. 

4.1 Speech as a Fractal 

The speech graph is a highly agitated digital signal. Figure 4.1 shows the 

graph of the word "ZERO" to four scales of magnification. It can be clearly seen 

that the graph does indeed show self-similarity to four scales of magnification. In 

other words, a speech graph at a word time-scale does indeed exhibit fractal 

46 
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Figure 4.1: Speech Graph at Four Scales of Magnification 
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characteristics. Therefore, it must have a fractal dimension. Since the 

topological dimension of a speech waveform graph is 1, and the speech graph 

tends to fill a two-dimensional plane, the fractal dimension of speech should be 

between 1 and 2. Past work by Pickover and Khorasani [18] shows that speech 

graphs of sentence time-scales (^ 2 s) exhibit self-similarity down to ~ 10 ms 

and have a fractal dimension of 1.66 ± .05. Rao and Oldham [17] have 

investigated the fractal dimension of word time-scale speech graphs (~ 500 ms) 

and have shown that self-similaxity exists down to ~ 4 ms, and the fractal 

dimension varies from word to word in a range of 1.3 to 1.7, with an average 

error of ±.04. This knowledge proves that a global quantization of a speech 

graph with a single nimiber is not only possible but indeed feasible. The next 

section describes how we plan to apply this knowledge in an attempt to solve 

some of the problems in automatic speech recognition. 

4.2 Problem Description 

As seen in Chapter II, automatic speech recognition is a vast research area, 

with several research problems to be investigated. We would like to investigate 

the appUcability of fractals in the following three sub-areas: 

1. Voiced/Unvoiced Region Separation 

2. Speaker Recognition 
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3. Excited/Unexcited Speaker Recognition 

We will now describe each sub-area in more detail and explain why we 

beUeve fractals could be used to attempt to provide a solution to them. 

4.2.1 Voiced/Unvoiced Region Separation 

The sepaxation of the voiced and unvoiced sounds from within a speech graph 

is a very important facet in both speech recognition and speech transcription. 

The main reason for this is that once a sound is determined to be either voiced 

or unvoiced, the possibilities of which phoneme it represents axe narrowed down. 

Thus, this identification serves as a gross chaxacterization of the speech sound. 

In Chapter II, we examined the differences between voiced and unvoiced sounds; 

the primary difference being that voiced sounds are harmonic and unvoiced 

sounds are noise-like. Therefore, unvoiced sounds have a higher frequency 

content than voiced sounds. We saw in Section 2.3.1.2, how the number of 

zero-crossings is related to the frequency content of the sound, and how unvoiced 

speech has a higher number of zero-crossings than voiced speech. This is further 

corroborated by Reddy [21]. Therefore, an unvoiced speech segment would tend 

to fill a plane to a higher degree than a voiced speech segment. Figure 4.2 shows 

both a voiced and an unvoiced speech segment, and the degree to which they fill 

the plane is quite significant. This leads us to believe that the fractal dimension 
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will be significantly different between these two regions and that it can be used 

as a parameter to identify and sepaxate them from within a speech segment. 

4.2.2 Speaicer Recognition 

In Chapter II, we were introduced to the speaker recognition problem. 

Speaker recognition is an axea that has been widely studied, with reasonable 

amounts of success achieved in certain cases. However, the major problem is 

that a speaker may sound different at different times, causing an instability in 

the paxaxneters that axe used to identify the speaker. B.S. Atal [22] describes the 

following properties that a speaicer recognition parameter should possess: 

1. Efficient in representing the speaker-dependent information 

2. Easy to measure 

3. Stable over time 

4. Occur naturally and frequently in speech 

5. Change little from one speaking environment to another 

6. Not be susceptible to mimicry. 

The fractal dimension is easy to measure, stable over time, and has been 

shown to be possessed by the speech signal. There is no reason to believe that it 

can be easily mimicked. Due to the fact that the fractal dimension is a measure 
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of the underlying statistics of the speech signal, it should not change from one 

speaking environment to another. We would, therefore, like to investigate the 

applicability of the fractal dimension to the speaker recognition problem, 

investigating its variation from one speaker to another. 

4.2.3 Excited/Unexcited Speaker Recognition 

The excited/unexcited speaker recognition problem is one that has not been 

investigated very much. However, it is an important aspect of the speaker 

recognition problem. An excited speaicer is one who is unable to breathe 

normally at the time of speech. The abnormal breathing could be caused either 

due to a physical or emotional shock. Any kind of voice-activated device, for 

instance, should be able to discern an excited speaicer for who he or she really is 

and recognize the speaker accordingly. An abnormally breathing speaker, 

however, should produce speech which has similar underlying statistics, thus 

causing the fractal dimension to be invariant over the speaker, both excited and 

unexcited. Thus, we believe the fractal dimension could be used as an indicator 

of the speaker, regardless of whether he or she is breathing normally at the time 

recognition is to be performed. 
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4.3 Speech Data Used 

The speech data used in this thesis consists of the spoken digits "ZERO" 

through "NINE" and "OH"--the telephone vocabulary. This test set is quite 

standard in speech recognition studies [23]. The speech data used was digitized 

at 8000 Hz and quantized to twelve bits. The speech signal was band-limited to 

4000 Hz prior to digitization. The recordings were made in an ordinary room 

rather than a sound studio type environment; however, the average 

signai-to-noise ratio of the signals is quite high, ranging at about forty to 

forty-five decibels. 

The speech data was in two sets. The first set came to us courtesy of Dr. 

Charles H. Rogers of East Texas State University, Commerce, Texas. This set 

consists of five male speaicers speaking the entire vocabulary twice. Thus, we had 

ten data sets, where each data set consists of the entire vocabulary spoken once. 

The second set was digitized at Texas Tech University's Electrical 

Engineering Laboratory. This set consists of two male speakers speaking the 

entire set normally twice, and excited once; and one female speaker speaking the 

set normally twice, and excited once. This gave us nine sets of data. The 

speakers were excited by being asked to run in place till they were breathing 

abnormally. In all cases, the speaicers were native American speakers of the 

English language. 
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The above sections described the speech recognition problems we plan to 

apply fractals to. We shall now examine the tools we plan to use in this analysis, 

2ind how we plan to use them. 

4.4 How to Calculate The Fractal Dimension 

The first step in any form of fractal analysis is the calculation of the fractal 

dimension (D) of the curves to be thus analyzed. The relationship between D, 

the length of the measuring stick used to measure the length of the curve (e), 

and the number of measuring sticks it takes to traverse the curve (iV(e)), is 

reproduced below from Eqn. (3.9) 

D = hm'^^. (4.1) 
. -0 logi ^ ' 

There are several methods to calculate D for fractal curves. The easiest one 

to implement on a computer is the method that calculates the box dimension. 

The method consists of covering the entire graph with a grid the lattice spacing 

of which corresponds to e. The number of boxes within which at least one 

sample point falls is N{e). This process is repeated for various values of e, and 

the slope of a least squaxes line fit of a log-log plot of iV(e) vs e is —D. The ease 

of implementing this method on a computer can be seen by examining the 

following mathematical representation of the above description. 

iv(e)=E x: ̂ .i (̂ •2) 



55 

where 

i = l , l - h e , l + . 2 e , . . . 

j = l , l - h e , l - H 2 e , . . . 

7] = number of sample points in speech graph. 

The value of Nij in Eqn. (4.2) is given by 

Nij = 1 if Fkr,>j and Fkr, < (j -f e - 1) (4.3) 

where 

Fk = the k^^ sample point of the speech graph 

H = the maximum amplitude value 

L = the minimum amplitude value 

k = [i, I -I- e — 1]. 

Thus, the i and j counters index the grid in the x and y directions 

respectively, and k indexes the waveform. The waveform is normalized to lie 

between 0 and ry in both the x and y directions for ease of computation. Note 

how each grid square need only be scanned until one sample point is found 

within it. Figure 4.3 shows the graph of the word "ZERO" on a grid of lattice 

spacing e = 256. Appendix A lists subroutine CALLAM which calculates D using 

the above method. This appendix also shows the listing of the least squares line 

fit subroutine LSF. 
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4.4.1 Why is This Method Correct 

The fractal dimension D is an overall measure of the waveform. The 

normalization procedure that transforms Fk to Fkq is a linear one, thus the 

relationship between each of the points is unchanged. Therefore, this 

normalization to aid in the ease of the calculation of D will not cause the 

calculated value of D to be incorrect. To understand why the concept of the box 

dimension is correct, assume the entire waveform to be covered by a single box 

of size emajc- Now, since the curve is fractal, for any r < 1, and e = r x cmax, 

there will be AT = ^ segments in a box of size e. Therefore, N{e)^ the nimiber of 

boxes of size e needed to cover the entire set is 

JV(€) = ( f 5 ^ ) ° (4.4) 

or 

(emax)" = N{e) X 6^. (4.5) 

However, emax and D are both constants. Thus, (cmax) can be normalized 

to 1. Therefore, 

1 = N{e) X e^. (4.6) 

Compare the above result with Eqn. (3.4) and the proof of the correctness of 

this method to calculate D is complete. 
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4.4.2 Devil's Staircase 

To further ensure the correctness of the i?-calculating program, it was tested 

on the Devil's Staircase. We developed the Devil's Staircase based upon a 

discussion of it in [14]. Mandelbrot describes the Devil's Staircase as having an 

ordinal increase of Ay, and a random abscissal increase of Ax that has 

probability distribution Pr(Ax > u) = u . Our simulation of the Devil's 

Staircase was done in the following manner over 1024 points. 

yo = 0 

To = 0 

Ax = 

Ay = 6 

Ay if Ay < .002 

{2"̂  if Ay > .002 

y»- = Vi-i + Ay 

Xi = x,_i -h A x 

where ^i and 2̂ are taken from a random set with uniform distribution, and 

A = 0.1,0.2, . . . 0.9. 

After 1024 points were generated as shown above, the x and y values were 

normahzed to lie between 0 and 1. This normahzation causes several jump 

locations where various values of y have the same x. Figure 4.4 shows an 

m 
termediate Devil's Staircase for A = 0.9. The gaps between these jumps is 
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dependent on A. A larger value of A causes the jumps to be closer and there are 

more of them in the staircase. These jumps were filled in based upon a method 

described by Hille and Tamaxkin [24] as shown below 

Wk3 i <k < j , 

Vk = Vi 

where x,- and Xj maxk two successive jump locations in the staircase. The y 

values were then scaled to he between 1 and 1024 and the x values were filled in 

with the values 1 through 1024 (x,- = i, z = 1,2,.. . 1024). Appendix B shows the 

subroutine DEV that creates the Devil's Staircase in this manner. Figure 4.5 

shows the complete Devil's Staircase of A = 0.9. 

We generated ten versions of the Devil's Staircase for each value of 

A = 0.1,0.2,. . .0.9. The versions were created by using a different seed for the 

random number generator each time. Mandelbrot gives the value of the fractal 

dimension of the Devil's Staircase to be 1 for all A. We were able to reproduce 

this result to within ± four percent, proving the correctness of the program. 

Table 4.1 shows these results. 

4.4.3 Range of e Used For Speech Graphs 

In our study, we were dealing with isolated words, the time duration of which 

was in the range of three to five hundred milliseconds. This corresponds to 

about 2500 to 4000 sample points at a digitization rate of 8000 Hz. The length 
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Table 4.1: D of Devil's Staircase 

A 
0.1 

0.2 

0.3 

0.4 

0.5 

0.6 

0.7 

0.8 

0.9 

1 
1.03 

1.13 

1.15 

0.97 

0.85 

0.99 

0.90 

1.14 

1.02 

2 
0.99 

1.01 

0.89 

1.04 

0.99 

1.12 

0.89 

0.96 

1.14 

3 
1.02 

1.02 

1.13 

1.09 

1.03 

1.06 

1.15 

1.08 

0.88 

4 
1.03 

0.98 

1.02 

1.04 

0.99 

0.85 

0.97 

1.15 

1.12 

5 
1.09 

1.04 

1.00 

0.96 

0.96 

1.00 

0.97 

0.96 

1.14 

6 
0.98 

1.00 

1.10 

1.06 

1.10 

1.12 

0.97 

1.03 

1.02 

7 
1.02 

1.02 

1.04 

1.09 

0.92 

1.15 

1.08 

0.96 

0.95 

8 
0.98 

0.95 

0.96 

0.88 

0.96 

0.99 

1.15 

0.99 

1.12 

9 
1.13 

0.97 

1.08 

1.12 

1.09 

0.95 

1.09 

0.93 

0.88 

10 
1.04 

1.03 

0.91 

0.96 

1.02 

0.99 

0.97 

1.07 

1.03 

Avg. 
1.03 

1.01 

1.03 

1.02 

0.99 

1.02 

1.04 

1.03 

1.03 
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of the measuring stick e was measured in sample units and ranged from about 

512 to sixteen, varying by a factor of two. We limited e to this range because we 

discovered that any e greater than 512 was not representative of the true 

roughness of the curve, indicating that probably too much detail in the speech 

graph was revealed in the step down to the next value of e. Using any e less than 

sixteen was infeasible because the digitization rate did not support any detail 

beyond that scale of magnification. In our study, we used about four values of e 

for each graph; this corresponds to measuring D over four scales of self-similarity. 

4.5 Spectrogram Generation 

In Chapter II, we described the speech spectrograms and outlined a method 

to generate it. Appendix C shows the subroutine SPECT which implements this 

generation of the speech spectrogram. The appendix also includes the subroutine 

FFT which calculates the discrete Fourier Transform of a waveform. The 

subroutine SPECT shown in the appendix implements Eqn. (2.9), with one small 

addition. The waveform segments are windowed with the Banning Window prior 

to being transformed to the frequency domain. Windowing the sample segment 

smoothes the spectral samples [25] by smoothing the end-points of the sample 

and enhancing the middle parts of the sample segments. The Hanning Window 

is given below: 

w{n) = 0.5 X 1.0 — cos 
•2n 

TT ,n = 0 , l , 2 , . . . . V - l (4.7) 
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where N is the sample segment size. Thus, Eqn. (2.7) that describes the Fourier 

Transform can be modified to represent the Discrete Fourier Transform (DFT) 

as follows: 

'S'(w) = 2 [s{n) * w{n)] exp(''''-57^). (4.8) E 
n=0 

The spectrogram shown in Figure 2.4 uses the Hanning Window with N = 256. 

4.6 Software and Hardware Tools 

All the programs developed for this thesis were written in FORTRAN to run 

on a VAX 8650 under the VMS environment. The speech data recorded at East 

Texas State University was digitized on a Scientific Solutions Labmaster 

interfaced with an IBM PC/XT. The Labmaster has a 12-bit A/D and two 

12-bit D/A converters. The speech data recorded at Texas Tech University was 

digitized using an ASPI ADP 320/PC interfaced with an IBM PC/XT. The 

ADP 320/PC contains a TI TMS32010 Digital Signal Processor with 12-bit A/D 

and D/A converters. 

The above sections described the problem definition and the tools developed 

to analyze the problems. The following sections will describe how we plan to 

apply these tools to determine the appHcability of the fractal dimension as a 

parameter in the three speech recognition appHcations. 
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4.7 Voiced/Unvoiced Regions Separation 

We know that speech-exhibits fractal chaxacteristics at word time-scales [17]. 

We would like to see if speech exhibits fractzd characteristics at even smaller 

scales, and if the fractal dimension correlates to the nature of the speech 

segment. To do this, we will compute the fractal dimension of short segments of 

the speech graph- -over 1024 points- -and see if there is any variation across the 

graph. The segments are chosen such that the first one starts at the first sample 

point, and the next one staxts four sample points over, and so on over the entire 

waveform graph. The maximum and minimum fractal dimensions for the 

segments will be looked at to see if there is a significant variation between them. 

• If so, a plot of the dimension versus time will be examined to see there is any 

correlation between the fractal dimension and the nature of the 

speech- -specifically if the fractal dimension is higher for unvoiced speech 

segments than for voiced speech segments. The necessary information about the 

nature of the speech will be provided by the spectrogram and the knowledge 

about the nature of the phonemes that make up the word. We will use the first 

data set for this experiment. 

4.8 Speaker Recognition 

The fractal dimension of the entire word will be used in these experiments. 

The first data set contains two sets of utterances per speaker. We will use this 
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data set for the speaker recognition experiment. We will compute the average of 

the two fractal dimensions for each speaker uttering each word. We will then 

calculate a cross-speaker variance of the fractal dimensions across the entire 

vocabulary. This means that the difference between the fractal dimensions of the 

corresponding words for every pair of speakers will be summed for the entire 

vocabulaxy, the sum squared, and divided by the number of words in the 

vocabulary- -in this case eleven. This method will be better described by the 

mathematical form shown below. 

vaxij = 

i n 2 

J2 \Dik - Djk 
k=\ n 

,i + i (4.9) 

where 

var^j = variance between speaker i and j 

n = number of words in the vocabulary 

Dik = D for k^"- word spoken by i^"- speaker 

i = 1,2,.. .number of speakers 

j = 1,2,.. . number of speakers 

The values of var.j across the entire data set will be examined to analyze the 

apphcabihty of the fractal dimension of speech for the purposes of speaker 

recognition. 
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4.9 Excited/Unexcited Speaker Identification 

For the excited/unexcited speaicer recognition experiment, we will use the 

second data set. This data set contains two sets of utterances by the speakers 

normally, and one excited. We will compute the average of the two normal 

utterances. We will then compute a cross-variance as described in Eqn. (4,9) 

between the average values of the normal utterances and the value of the fractal 

dimension of the excited utterance. The cross-vaxiance will be examined to 

analyze the invaxiance of the fractal dimension between a speaker speaking 

normally and a speaker speaidng abnormally. 

The preceding chapter defined the problem and described the tools to be 

used and the approach to solve the problem. The next chapter describes and 

analyzes the results obtained. 



CHAPTER V 

RESULTS AND ANALYSIS 

The experiments described in Chapter IV were carried out and the following 

results obtained. 

5.1 Voiced/Unvoiced Region Separation 

As described in Section 4.7, the short-time range fractal dimension over the 

entire speech graph was calculated. The differences between the maximum and 

minimum fractal dimensions were computed over each word. Table 5.1 shows 

these values for the entire dataset. As can be seen from this table, the difference 

between most pairs is very small, indicating very little change in the value of D 

over the entire graph. The largest difference is for Speaker 5 speaking the word 

"SEVEN." Figure 5.1 shows the spectrogram and D-plot for this word. 

Although a clear break between the unvoiced / s / and voiced / v / can be seen in 

the spectrogram, the J9-plot. is almost a straight Hne across the entire graph. 

Figure 5.2 shows a similar plot for the word "FIVE" spoken by Speaker 4. Once 

again, while the spectrogram shows a clear break between the unvoiced /f/ and 

the voiced / v / , the D-plot is almost a straight line all the way across the entire 

graph. 

68 
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Table 5.1: Difference Between Maximum and Minimum Fractal Dimensions 

ZERO 
ONE 

TWO 
THREE 

FOUR 
Word FIVE 

SIX 
SEVEN 
EIGHT 

NINE 
OH 

Speaker 
1 

1 
0.19 
0.18 
0.10 
0.08 
0.06 
0.09 
0.04 
0.09 
0.11 
0.10 
0.08 

2 
0.14 
0.10 
0.09 
0.07 
0.06 
0.09 
0.11 
0.10 
0.06 
0.08 
0.09 

2 
1 

0.11 
0.15 
0.21 
0.08 
0.07 
0.12 
0.25 
0.12 
0.13 
0.10 
0.08 

2 
0.08 
0.13 
0.14 
0.09 
0.07 
0.10 
0.07 
0.12 
0.12 
0.12 
0.12 

3 
1 

0.12 
0.13 
0;11 
0.10 
0.11 
0.07 
0.08 
0.17 
0.13 
0.07 
0.09 

2 
0.08 
0.10 
0.07 
0.07 
0.07 
0.11 
0.04 
0.10 
0.08 
0.12 
0.11 

4 
1 

0.16 
0.09 
0.10 
0.06 
0.07 
0.12 
0.10 
0.15 
0.11 
0.08 
0.13 

2 
0.18 
0.13 
0.09 
0.10 
0.10 
0.14 
0.08 
0.20 
0.10 
0.13 
0.11 

5 
1 

0.10 
0.13 
0.08 
0.09 
0.06 
0.12 
0.23 
0.26 
0.07 
0.17 
0.09 

2 
0.17 
0.16 
0.09 
0.08 
0.07 
0.08 
0.18 
0.49 
0.10 
0.17 
— 
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Figure 5.1: D-plot and Spectrogram for Word SEVEN by Speaker 5 
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Figure 5.2: D-plot and Spectrogram for Word FIVE by Speaker 4 
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5.2 Speaker Recognition 

As described in Section 4.8, the fractal dimension of the individual words was 

calculated and an average for each word per speaker was calculated. Table 5.2 

shows the fractal dimension of each utterance, as well as the average for the 

word for the speaker. The cross-speaker variance was calculated, and this result 

is shown in Table 5.3. The average error bar for each dimension value is 

^ ±0.02. Therefore, we can see that there is a good possibility of differentiating 

between Speaker 1 and Speaker 2. The difference between Speaker 1 and 

Speaicer 3 is just on the outskirts of the error boundaxy, therefore there is some 

hope of differentiating between these two. The same reasoning applies to the 

difference between Speaker 2 and Speakers 4 and 5. The chances of achieving 

any recognition between Speaker 3 and Speakers 4 and 5, and Speaker 4 and 

Speaker 5 are almost non-existent. 

5.3 Excited/Unexcited Speaker Identification 

Table 5.4 shows the values of the fractal dimension of the second data set. 

The values column marked 3 for each speaker are those of the speaker speaking 

excitedly. Table 5.5 shows the values of the cross-variances between the normal 

averages and the excited utterances. The column headings refer to the average of 

the two normal utterances for that speaker while the row headings refer to the 

excited speaker utterance. As can be clearly seen, the variance between the 
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Table 5.2: Individual and Average D for Each Word for Each Speaker 

ZERO 
Avg 

ONE 
Avg 

TWO 
Avg 

THREE 
Avg 

FOUR 
Avg 

Word FIVE 
Avg 
SIX 
Avg 

SEVEN 
Avg 

EIGHT 
Avg 

NINE 
Avg 
OH 

Avg 

Speaker 
1 

1 2 
1.68 1.68 

1.68 
1.67 1.71 

1.69 
1.48 1.50 

1.49 
1.44 1.48 

1.46 
1.44 1.50 

1.47 
1.47 1.47 

1.47 
1.60 1.42 

1.51 
1.47 1.47 

1.47 
1.40 1.50 

1.45 
1.42 1.38 

1.40 
1.50 1.44 

1.47 

2 
1 2 

1.77 1.81 
1.79 

1.76 1.74 
1.75 

1.32 1.32 
1.32 

1.32 1.32 
1.32 

1.31 1.31 
1.31 

1.27 1.29 
1.28 

1.37 1.47 
1.42 

1.42 1.40 
1.41 

1.36 1.44 
1.40 

1.34 1.36 
1.35 

1.40 1.40 
1.40 

3 
1 2 

1.62 1.78 
1.70 

1.84 1.78 
1.81 

1.33 1.51 
1.42 

1.32 1.42 
1.37 

1.33 1.51 
1.42 

1.30 1.36 
1.33 

1.30 1.60 
1.45 

1.36 1.46 
1.41 

1.35 1.51 
1.43 

1.38 1.34 
1.36 

1.34 1.52 
1.43 

4 
1 2 

1.69 1.65 
1.67 

1.69 1.73 
1.71 

1.47 1.43 
1.45 

1.44 1.46 
1.45 

1.49 1.41 
1.45 

1.33 1.31 
1.32 

1.49 1.53 
1.51 

1.38 1.40 
1.39 

1.49 1.47 
1.48 

1.34 1.30 
1.32 

1.44 1.44 
1.44 

5 
1 2 

1.67 1.75 
1.71 

1.72 1.68 
1.70 

1.43 1.43 
1.42 

1.41 1.45 
1.43 

1.44 1.42 
1.43 

1.32 1.36 
1.34 

1.49 1.63 
1.56 

1.32 1.40 
1.36 

1.45 1.49 
1.47 

1.32 1.38 
1.35 

1.45 
1.45 
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Table 5.3: Cross-Speaker Variance in D 

1 
2 

Speaker 3 
4 
5 

SpcEiker 
1 2 

0.11 
3 

0.05 
0.03 

4 
0.02 
0.07 
0.02 

5 
0.03 
0.06 
0.02 
0.006 



Table 5.4: Unexcited and Excited D for Each Word for Each Speaker 
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ZERO 
Avg 

ONE 
Avg 

TWO 
Avg 

THREE 
Avg 

FOUR 
Avg 

Word FIVE 
Avg 
SIX 
Avg 

SEVEN 
Avg 

EIGHT 
Avg 

NINE 
Avg 
OH 

Avg 

Speaker 
1 

1 2 
1.73 1.72 

1.72 
1.44 1.43 

1.43 
1.77 1.49 

1.63 
1.43 1.43 

1.43 
1.50 1.46 

1.48 
1.78 1.74 

1.76 
1.57 1.54 

1.55 
1.71 1.67 

1.69 
1.50 1.56 

1.53 
1.75 1.73 

1.74 
1.00 1.43 

1.22 

3 
1.70 

1.45 

1.48 

1.73 

1.42 

1.75 

1.09 

1.66 

1.51 

1.77 

2 
1 2 

1.62 1.64 
1.63 

1.40 1.69 
1.55 

1.68 1.71 
1.09 

1.42 1.71 
1.57 

1.39 1.68 
1.54 

1.41 1.72 
1.56 

1.48 1.42 
1.46 

1.60 1.65 
1.62 

1.46 1.54 
1.50 

1.67 1.68 
1.67 

1.46 1.41 
1.43 

3 
1.64 

1.70 

1.78 

1.68 

1.67 

1.40 

1.47 

^~ ^" 

1.55 

1.70 

1.25 

3 
1 2 

1.73 1.68 
1.70 

1.38 1.43 
1.40 

1.69 1.36 
1.53 

1.69 1.45 
1.57 

1.40 1.48 
1.44 

1.32 1.38 
1.35 

1.13 1.10 
1.11 

1.60 1.41 
1.50 

1.40 1.50 
1.45 

1.36 1.61 
1.49 

1.38 1.09 
1.23 

• 

3 
1.39 

1.44 

1.61 

1.42 

1.40 

1.39 

1.17 

1.38 

1.37 

1.65 

1.05 
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Table 5.5: Cross-Variance in D Between Normal Average and Excited 

1 
SpcEiker 2 

3 

Speaker 
1 

0.10 
0.20 
0.34 

2 
0.19 
0.07 
0.35 

3 
0.14 
0.27 
0.14 
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normal average and the excited utterance of the same speaker is the minimum 

value for each speaker, indicating that in this limited identification case, the 

excited speaker would be identified correctly in each case. 



CHAPTER VI 

CONCLUSION 

The main goal of this reseaxch was to determine if speech waveform graphs 

could be chaxacterized fractaily, a fractal dimension calculated, and this fractal 

dimension be used as a new paxameter for some speech recognition applications. 

We did not set out to build a fuU-fiedged speech recognition system. We were 

more concerned with attempting to combine the two diverse fields of speech 

recognition and fractal geometry in an attempt to investigate the applicability of 

the fractal dimension as a parameter in speech recognition applications. We were 

able to successfully characterize speech graphs as fractals and compute a fractal 

dimension. A fractal chaxacterization of speech appears to be very useful in 

attempting to solve automatic speech recognition problems. We Hst below our 

conclusions regarding the three sub-areas of speech recognition we investigated. 

6.1 Voiced/Unvoiced Region Separation 

We were able to calculate a fractal dimension for the speech segments at the 

time-scales we were investigating for voiced/unvoiced region separation. 

However, the D values calculated showed no correlation to the regions within the 

graph. This does not necessarily mean that the fractal dimension cannot be used 
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as a paxameter for voiced/unvoiced region separation. However, it does mean 

that data at the sampling rate we were dealing with does not contain enough 

information at that time-scale to accurately be classifiable with the fractal 

dimension. 

6.2 Speaker Recognition 

In Chapter V, we saw that there was some possibility of the fractal 

dimension being usable as a paxameter to aid in speaker recognition. However, 

to accurately and statistically correlate this, we will need a lot more data. 

Conventional speaicer recognition systems use on the order of one hundred 

samples per speaiier with which to form a set of features to "assign" to that 

paxticulax speaker. We had two. However, we were able to establish the 

possibility of using the fractal dimension in conjunction with other parameters 

for successful speaker recognition. 

6.3 Excited/Unexcited Speaker Identification 

As we saw in Chapter V, the fractal dimension does tend to remain invariant 

over the speaker whether he/she is excited or talking normally. This indicates 

that the fractal dimension could be used as a parameter for identifying the 

excited speaker as the correct speaker. Once again, as in the case of the speaker 
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recognition experiment, we will need a lot more data to statistically correlate 

this result. 

6.4 Recommendations for Future Work 

There axe a few reconmaendations I would like to make for future work in this 

area. One recommendation is to get speech data digitized at a higher sampling 

rate and investigate the correlation between the fractal dimension and nature of 

the speech sound at this higher sampling rate. The difference in nature between 

voiced and unvoiced sounds and the relationship between this difference and the 

difference in D for different types of graphs leads us to still believe that D 

should be able to be used for this sepaxation. Another recommendation would 

be to investigate the speaker recognition problem further. A very provocative 

axea of research would be to form a sort of feature vector for the speaker with 

the fractal dimension as one part of the feature vector, and use this feature 

vector in conjunction with a neural network and investigate speaker recognition 

rates. Another interesting reseaxch area along the same lines would be to try the 

excited/unexcited speaker identification experiment on an emotionally agitated 

speaker rather than a physically agitated speaker. Again, creating a feature 

vector to be acted upon by a neural network, with the fractal dimension a part 

of the feature vector, would be interesting to investigate. A final 

recommendation would be to attempt to model speech as a Fractional Brownian 
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Motion (FBM). Mandelbrot and Van Ness [26] defined FBM's to be a family of 

Gaussian Random Functions related to ordinaxy Brownian Motion. FBM's have 

been successfully used in modelling natural images for purposes of classification 

and recognition [16]. FBM's have also been used in the representation of images 

with considerable savings in storage over more conventional methods. It would 

be interesting to investigate how well speech can be modelled as an FBM for 

purposes of storage savings and also in an attempt to improve the quality of 

synthetic speech. 

In conclusion, this reseaxch has opened up several doors that were previously 

very securely locked. The use of the fractal dimension of speech for recognition 

purposes is something that has never been attempted before. The results we 

provided, while not having a strong statistical basis, do encourage further 

investigation into the area of fractal chaxacterization of speech waveform graphs. 

We hope that the groundwork we have laid in this area will eventually lead 

researchers to the goal of fully automatic speech recognition. 
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APPENDDC A 

SUBROUTINE TO CALCULATE FRACTAL 

DIMENSION OF SPEECH GRAPHS 

OPTIONS/CHECK=ALL 
SUBROUTINE CALLAM(IAMPS,NUMAMPS,lEPSARR,NUMEPS) 

C 
C This subroutine calculates the fractal dimension of a speech 
C waveform graph. This subroutine calculates D down to a 

C maximum of 4 scales of magnification 
C 
C Parameters: 
C 

C lAMPS — Array containing amplitude values at discrete time 

C instants. 
C NUMAMPS — Number of points in graph 

C IEPSARR — Array containing epsilon values over which to 

C calculate D 
C 

DIMENSION lAMPS(NUMAMPS), 
1 lEPSARR(NUMEPS), 

C 

C REPSARR — log of epsilon 
C RNUMPTS — log of N(epsilon) 
C NUMPTS — N(epsilon) 

C 

1 REPSARR(4), 
1 RNUMPTS(4), 
1 NUMPTS(4) 

C 
C Normalize graph to between 1 and NUMAMPS 
C Calculate highest and lowest amplitude value 

C 
MINAMP = 10000 
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MAXAMP = -10000 
DO I = 1, NUMAMPS 

C 

C Calculate maximum amplitude value 
C 

IF (IAMPS(I) .GT. MAXAMP) THEN 
MAXAMP = IAMPS(I) 

ENDIF 
C 

C Calculate minimum amplitude value 
C 

IF (lAMPS(I) .LT. MINAMP) THEN 
MINAMP = IAMPS(I) 

ENDIF 
END DO 

C 

C II indices over each value of epsilon 
C 

DO 10, II = 1, NUMEPS 
lEPSILON = lEPSARR(Il) 
N = NUMAMPS - lEPSILON 
NUMPTS(II) = 0 

C 

C I indexes in x direction 

C 
DO 20, I = 1, N, lEPSILON 

C 
C J indexes in y direction 

C 
DO 30, J = 1, N, lEPSILON 

C 
M = I + lEPSILON - 1 

C 
C K indexes waveform 

C 
DO 40, K = I, M 

C 
C TEMPI = F(k) - L 
C TEMP2 = H - L 
C TEMPS = (F(k) - L) / (H - L) * NUMAMPS 
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TEMPI = FLOAT (lAMPS(K) - MINAMP) 
TEMP2 = FLOAT (MAXAMP - MINAMP) 

TEMP3 = TEMPI / TEMP2 * FLOAT (NUMAMPS) 
IF ( (TEMP3 .GE. FLOAT (J)) .AND. 

1 (TEMPS .LT. FLOAT (J + lEPSILON - 1)) ) THEN 
C 

C Increment N(epsilon) axid scan next grid square 
C 

NUMPTS(II) = NUMPTS(II) + 1 
GO TO 30 

ENDIF 
40 CONTINUE 
SO CONTINUE 
20 CONTINUE 
10 CONTINUE 

C 

C Take log-log plot and calculate D using LSF 
C 

DO I = 1, NUMEPS 
if (numpts(i) .eq. 0) then 

write(*,*) 'epsilon at which n = 0 is ', iepsarr(i) 
else 

RNUMPTS(I) * LOG(FLOAT(NUMPTS(I))) 
endif 
REPSARR(I) = LOG(FLOAT(iEPSARR(I))) 

END DO 
C 

CALL LSF(REPSARR,RNUMPTS,NUMEPS,SLOPE,RINTCPT) 
C 
C D = - Lim (LOG N(epsilon) / LOG epsilon) as epsilon approach 
0 
C 

D = SLOPE * -1. 
RETURN 

END 

C 
C LSF routine ... already verified to be correct 

C 
OPTIONS/CHECK=ALL 

C 
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SUBROUTINE LSF(XI,PSD,NUMAMP,SLOPE,RINTCPT) 
C 

C This subroutine calculates the least squares fit line over 
C a given set of points returning the slope and intercept 
C of the resulting line. 
C 

C Parameters: 
C 

C XI — contains the x-values of the points to be fit 
C PSD — contains the y-values of the points to be fit 
C NUMAMP — the number of points to be fit 
C SLOPE — the slope of the resulting line 
C RINTCPT — the y-intercept of the resulting line 
C 

REAL XI, 
1 PSD 

C 
C SUMX — sum of the x values 
C SUMY — sum of the y values 
C SUMX2 — sum of the x squared values 
C SUMXY — sum of the x*y values 
C 

C Calculate the sums 

C 
SUMX = 0. 
SUMY = 0. 
SUMX2 = 0. 
SUMXY = 0. 
DO 70, I = 1, NUMAMP 

SUMX = SUMX + XI(I) 
SUMY = SUMY + PSD(I) 
SUMX2 = SUMX2 + (XI(I) ** 2) 
SUMXY = SUMXY + (PSD(I) * XI(I)) 

70 CONTINUE 

C 
C Solve the simultaneous equations 

C 
DIFFEQU = SUMX / FLOAT (NUMAMP) 
RNEWRHSl = SUMY * DIFFEQU 
TBCOEFF = SUMX * DIFFEQU 
BCOEFF = SUMX2 - TBCOEFF 
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c 

c 
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RHSFIN = SUMXY - RNEWRHSl 
SLOPE = RHSFIN / BCOEFF 
RINTCPT = (SUMY - (SLOPE * SUMX)) / FLOAT(NUMAMP) 

C This section calculates the error of the resulting fit 

XBAR = 0. 
DO I = 1, NUMAMP 

XBAR = XBAR + XI(I) 
END DO 
XBAR = XBAR / FLOAT (NUMAMP) 

C 
DO I = 1, NUMAMP 

DENOM = DENOM + ((XI(I) - XBAR) ** 2.) 
END DO 

C 
SIGMA2 = 0 
DO I = 1, NUMAMP 

TEMP = (PSD(I) - ((SLOPE * XI(I)) + RINTCPT)) ** 2. 
SIGMA2 = SIGMA2 + TEMP 

END DO 
SIGMA2 = SIGMA2 / FLOAT (NUMAMP - 1) 

ERROR = SQRT (SIGMA2/DEN0M) 

RETURN 
END 
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APPENDIX B 

SUBROUTINE TO GENERATE DEVIL'S 

STAIRCASE 

OPTIONS/CHECK=all 
SUBROUTINE DEV(RLAMBDA,N) 

C 
C This subroutine calculates the devil's staircase for any 
C value of lambda 
C 

C Paraimeter 
C 
C RLAMBDA — the value of lambda for which to calculate 
C staircase 

C N — number of points over which to calculate staircase 

C 
C X — X axis points 
C Y — y axis points 
C IX — normalized x 
C lY — normalized y 
C DX — change in x 
C DY — charnge in y 
C 

DIMENSION X(0:4100), 
Y(0:4100), 
IX(0:4100), 
IY(0:4100), 
DX(4100), 
DY(4100) 

C 
C Initialize the random number generator 

11=0 
12=0 

90 
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X(1)=0.0 
Y(1)=0.0 

C 

C Start calculation over N points 
C 

DO 1=1,N 

DY(I)=RAN(I1,I2) 
C 

C If dy is greater than .002 get dx as xi2 ** -1/D 
C 

IF(DY(I).GE..002)THEN 

DX(I)=(RAN(I1,I2))**(-1./D) 
ELSE 

DX(I)=DY(I) 
ENDIF 

C 
C X(I) = X(I-l) + DX 
C Y d ) + Y(I-l) + DY 
C 

IF(I.GT.1)X(I)=X(I-1)+DX(I) 
IF(I.GT.1)Y(I)=Y(I-1)+DY(I) 

END DO 
C 

C Normalize x and y to between 0 and 1 then 0 to N 
C 
C Calculate maiximum values of x and y 
C 

SAVE1=X(0) 
SAVE2=Y(0) 
DO 1=0,N 

IF(X(I).GT.SAVE1)SAVE1=X(I) 
IF(Y(I).GT.SAVE2)SAVE2=Y(I) 

END DO 
C 
C Normalize to between 0 and N 

C 
DO 1=0,N 

IX(I)=IIFIX(X(I)/SAVE1*FL0AT(N)) 

IY(I)=IIFIX(Y(I)/SAVE2*FL0AT(N)) 

END DO 
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C Get rid of duplicate values 
C 

ITEST=IX(1) 
JJ=1 
DO 1=2,N 

IF(IX(I).EQ.ITEST)THEN 
IY(JJ)=IY(I) 
IX(JJ)=IX(I) 

ELSE 
JJ=JJ+1 
IY(JJ)=IY(I) 
IX(JJ)=IX(I) 
ITEST=IX(I) 

ENDIF 
END DO 

C 

C Fill in X values from 0 to N 
C 

IX1(0)=0 
IY1(0)=0 
DO 1=1,N 

IX1(I)=I 
END DO 

C 
C Fill in jumps in y with previous one 
C 

DO 1=1,JJ 
NTOP=IX(I) 
NSTAR=IX(I-1) 
IF(NTOP.LE.O)NTOP=0 
IDIFF = NTOP - NSTAR 
IF ( (IDIFF .LT. MINX) .AND. (IDIFF -GT. 5) ) THEN 

MINX = IDIFF 
ENDIF 
IF (IDIFF .GT. MAXY) THEN 

MAXY = IDIFF 
ENDIF 
DO J=NSTAR,NTOP 

IY1(J)=IY(I) 
END DO 

END DO 



RETURI 
END 
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APPENDDC C 

SUBROUTINE TO GENERATE SPEECH 

SPECTROGRAMS 

OPTIONS/CHECK=ALL 
SUBROUTINE SPECT(N) 

C 
C This subroutine calculates a speech spectrogram over a 
speech 

C • graph. 
C 
C Parameter 
C 

C N — number of points over which to calculate FFT 

C 
C lAMPS — array with speech amplitude values 
C IPSD — normalized spectrogram intensity values 
C IPLOT — plot values of spectrogram 
C X — real values of section over which to calculate FFT 
C Y — imaginary values of section over which to calculate 
FFT 
C WINDOW — window function 

C 

DIMENSION IAMPS(4096), 
1 PSD(N), 
1 IPSD(N), 
1 X(N), 
1 Y(N), 
1 WINDOW(N) 

C 
C Generate Hanning Window 

C 
DO I = 0, (N-1) 
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WIND0W(I+1) = 0.5 * (1. - C0S(2 * FLOAT(I) / FLOAT(N) * 

END DO 

MAXAMP = 0 
MINAMP = 0 
RMAXEN = 0. 
RMINEN = 100000. 
II = 1 

C 
C Get section over which to calculate FFT 
C 

II = 0 
DO I = (N/2), NUMAMPS - (N/2), 4 

II = II + 1 
J = I - ((N/2)-l) 
DO K = 1, N 

X(K) = FLOAT (lAMPS(J)) * WINDOW(K) 
Y(K) = 0. 
j = j + 1 

END do 
C 
C Calculate FFT 
C 

CALL FFT1(X,Y,N,M,IND) 
C 

RMAXPSD = 0. 
RMINPSD = 0. 
DO K = 1, N 

PSD(K) = (X(K) ** 2.) + (Y(K) ** 2.) 
C 
C If 0, set to very small number then take logs 
C 

IF (PSD(K) .EQ. 0.) THEN 
PSD(K) =10. ** -20 

END IF 
C 

PSD(K) = ((LOG(PSD(K)) / L0G(2.)) ** 2.) ** 1.5 
C 
Q For last S/4 frequencies ... multiply by 1.3 
C Enhance contrast by raising to gamma = 2 * 1.5 
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^ Attempt to enhance higher frequencies 
C 

IF (K .GT. (N/8)) THEN 
PSD(K) = PSD(K) * l.S 

END IF 
C 

IF (PSD(K) .GT. RMAXPSD) THEN 
RMAXPSD = PSD(K) 

END IF 
C 

IF (PSD(K) .LT. RMINPSD) THEN 
RMINPSD = PSD(K) 

END IF 
END DO 

C 

C Normalize to between 1 and S and multiply by 5 
C 

DO K = 1, N 

TEMPI = PSD(K) - RMINPSD 
TEMP2 = RMAXPSD - RMINPSD 
TEMPS = TEMPI / TEMP2 

C 

C Normalize to 1 and 3, multiply by 5 
C 

IPSD(K) = IIFIX(TEMPS*S.) * 5 
END DO 

END 
C 

SUBROUTINE fftl(X,Y,N,M,IND) 
C = FFT ROUTINE 
C = DUMMY VARIABLES: 
C X = REAL PART OF THE FUNCTION OR OF THE SPECTRUM (DIM,N) 
C Y = IMAGINARY PART OF THE FUNCTION OR OF THE SPECTRUM (DIM,D) 
C N = NUMBER OF POINTS 
C M = DEFINED BY THE RELATION N=2**M 
C IND = 1 - DFT,2 - IDFT 
C = NO NORMALIZATION IS PERFORMED 

DIMENSION X(N),Y(N) 

NC = N/2 
pi = S.14159265358979S2 

DO 20 L=1,M 



97 

LE = 2**(M+1-L) 
LEI = LE/2 
Ul = 1. 
U2 = 0. 
ARG = PI/LEl 
C = COS(ARG) 
S = (-1)**IND*SIN(ARG) 
DO 20 J=1,LE1 
DO 15 I=J,N,Le 
IP = I+LEl 
Tl = X(I)+X(IP) 
T2 = Y(I)+Y(IP) 
T3 = X(I)-X(IP) 
T4 = Y(I)-Y(IP) 
X(IP) = TS*U1-T4*U2 
Y(IP) = T4*U1+TS*U2 
X(I) = Tl 

15 Yd) = T2 
US = U1*C-U2*S 
U2 = U2*C+U1*S 

20 Ul = US 
NV2 = N/2 
NMl = N-1 
J = 1 
DO SO 1=1,NMl 
IF(I.GE.J) GO TO 25 
Tl = X(J) 
T2 = Y(J) 
X(J) = X(I) 
Y(J) = Yd) 
X(I) = Tl 
Yd) = T2 

25 K = NV2 
26 IF(K.GE.J) GO TO 30 

J = J-K 
K = K/2 

go to 26 
30 J = J+K 

RETURN 
END 
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