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Investigating Speaker Features
From Very Short Speech Records

Brian L. Berg

(ABSTRACT)

A procedureis presented that is capableof extracting various speaker features,
and is of particular value for analyzing recordscontaining singlewords and shorter
segments of speech. By taking advantage of the fast convergenceproperties of
adaptive �ltering, the approach is capableof modeling the nonstationarities due to
both the vocal tract and vocal cord dynamics.

Speci�cally, the procedure extracts the vocal tract estimate from within the
closedglottis interval and uses it to obtain a time-domain glottal signal. This
procedure is quite simple, requires minimal manual intervention (in casesof
inadequate pitch detection), and is particularly unique becauseit derives both
the vocal tract and glottal signal estimates directly from the time-varying �lter
coe�cien ts rather than from the prediction error signal. Using this procedure,
several glottal signals are derived from human and synthesized speech and are
analyzedto demonstratethe glottal waveform modeling performanceand kind of
glottal characteristicsobtained therewith. Finally, the procedureis evaluated using
automatic speaker identit y veri�cation.
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Chapter 1

In tro duction

Features found within short speech records are particularly important for

modeling the characteristics of a speaker's voice, in contrast to longer term

vocabulary features. Such speaker features are valuable in applications such as

speech coding and synthesis. In general,thesespeaker featuresare both behavioral

and inherent. Inherent (or anatomical) featuresdepend upon the anatomy of the

vocal cord and vocal tract (i.e., air passagesabove the vocal cords). The vocal tract

anatomy refers to the sizeand shape of the vocal tract and is determined by the

word being spoken (which is a function of mouth and tongueposition) and to some

degreethe sex,size,and ageof the speaker. Formants (i.e. speech resonances)are

commonfeaturesusedto de�ne the vocal tract. The vocal cord anatomy determines

the pitch, breathiness,and vocal register(e.g. creakiness)of the speaker. Examples

of behavioral featuresare dialect and voice expressivenessand theserelate to the

longer-term dynamics of the speaker's vocal tract (particularly, the movement of
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the tongue and jaw) and vocal cords.

Various approaches have been used to extract these speaker features. The

most popular speech analysisalgorithms uselinear predictive analysis(such as the

Autocorrelation or Covariance techniques [10]) to extract formants as they vary

over time. The vocal cord features remain within the residual signal, which is

essentially the prediction error of the analysisalgorithm. Speech coding schemes

have parameterizedthis information in various ways; popular approaches include

regular pulseexcited linear prediction and code excited linear prediction [2].

In pursuit of more accuratespeech models, researchers in speech synthesishave

developed an analysisapproach calledglottal inverse�ltering [22,6]. This approach

usesshorter linear prediction analysisframes,centered over a speci�c regionwithin

each pitch period to minimize inaccuraciesdueto speech nonstationarities. Basedon

this accuratelinear prediction model, a residual signal is computedthat represents

what is known as the glottal waveform. This glottal waveform estimate has been

comparedto results obtained from a physical analysis of the vocal cords [6] and

with older inverse�ltering techniques[26] and hasbeenfound consistent therewith.

It has also beenadopted as the sourcesignal for popular speech synthesis systems

known as formant synthesizers[31, 24].

Speaker featuresexisting in short speech records,of word length and less,are

investigated and an analysis algorithm is presented that accurately extracts and

2



e�cien tly modelsthe featureswithout requiring manual intervention. The proposed

procedureis basedon standard adaptive (i.e. recursive) �ltering, thus computing

a formant estimate at every sample, rather than once per frame [20]. Hencethe

operations required for this analysis procedure consist of an adaptive �lter,

inverse �lter, pitch detector, voiced/unvoiced (v/uv) detector, and endpoint

detector. Theseprocessingblocks are quite common today. Furthermore, simple

detectionroutines(v/uv, endpoint, and pitch) areadequatefor successfuloperation.

Speech records from several speakers are analyzed demonstrating the

performance as well as convenience of this method for analyzing �ne speech

detail. Such speech detail includesthe vocal cord dynamicsthat produceeach pitch

period, asthe analysismethod is shown to be able to model the classicaldi�erential

glottal waveform. An exampleof how this procedurecan be usedsuccessfullyfor

speaker identit y veri�cation is alsoshown.
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Chapter 2

Speech Pro cessing Concepts

This chapter discussesconceptsupon which many of today's popular speech

processingsystemsare based. Section 2.1 provides a short introduction to basic

speech physiology. Next, in Section2.2, somespeech processingapplications that

are popular today are presented. Then Section 2.3 discussesthe standard LPC

analysis approach as used in most current speech analysissystemsfor extracting

vocal tract speech characteristics. Glottal inverse �ltering is then introduced in

Section2.4 to demonstratean approach for extendingbasicLPC analysisto obtain

a model of the vocal cord operation. Finally, in Section2.5, commonapproachesfor

mathematically evaluating speech features, as computed by thesespeech analysis

algorithms, are discussed.

2.1 Speech Pro duction

The physiologyof the humanvocal apparatusis well understood andsoit is often

convenient to relate the featuresextracted from the speech signalanalysisalgorithm

4



with the known characteristics of the vocal mechanism. This section givesonly a

simple overview of the speech mechanics, and so a textbook that specializesin

speech production should be referredto for more detail [33, 13, 41, 46].

The physical systemsthat are responsible for producing the speech waveform

are the vocal cords and vocal tract. Voiced soundsare producedby the vibrating

vocal cordswhich 
ap open and shut (corresponding to the open and closedglottis

cycles, respectively) as the air is forced out of the lungs. The sound produced

during the openglottis interval producesa waveformwith a triangular shapedpulse,

whereasthe closedglottis generallycorrespondsto an interval of approximately zero

excitation. The main vocal cord excitation occurs when the glottis suddenly 
aps

shut at the endof the open glottis interval. The resulting waveform is known asthe

glottal volume-velocity waveform g(t) (or simply, glottal waveform) [45]. Figure 2.1

shows oneperiod of a typical glottal waveform pattern. The pitch period is denoted

asT0. The opening time Tp correspondsto the interval of the pulsewith a positive

slope,and the closingtime Tn is the interval of the pulsewith a negativeslope. Since

it is quite commonto specify the relative glottal waveform intervals, the following

variablesare introduced

OQ =
Tp + Tn

T0
(2.1)

and

SQ =
Tp

Tn
(2.2)

5



referred to as the open quotient and glottal pulse skew, respectively. Also note

another commonterm referredto as the fundamental frequencywhich is

F0 =
1
T0

: (2.3)

The value A is commonly referredto as the amplitude of voicing.

6

?

A

� -

� -

T0

Tp Tn
� -

-

t

6g(t)

Figure 2.1: A traditional glottal waveform.

The glottal sourcesignal (which is rich in harmonics due to the approximate

triangular shape) then excitesthe systemabove the vocal cordsknown asthe vocal

tract. The vocal tract, acting as an acoustic tube characterized by its natural

resonancescalledformants, �lters the glottal excitation soasto producethe desired

6



speech.

The study of human speech communication falls into the �eld known as

linguistics. According to linguistics, the fundamental speech unit that makesup our

vocabulary of speech soundsis referred to as a phoneme.Another popular speech

unit in speech processing applications is the diphone which is the

segment from the stationary portion of onephonemeto the stationary portion of the

next phoneme. As implied above, the vocal tract is responsible for producing the

desired speech phonemeand is determined by the vocal tract shape. Speakers

control the vocal tract shape by positioning the tongue and jaw. Besides its

vocabulary dependence, the vocal tract is speaker-dependent as well. For

example,di�erences in dialect may be capturedby comparingthe way two speakers

pronouncethe samevowel, or changethe shapeof the vocal tract whenpronouncing

a diphthong as in the word \I". More inherent speaker featuresincorporated in the

vocal tract would be the overall size,static shape, unique vocal obstructions, and

even dental work.

In order to add speech expressionand character, speakers may alter their

vocal cord vibration patterns (i.e. glottal waveform) by changingpitch or intensity

of vibration. The latter are the two primary characteristics of the vocal cord

operation which the speaker is able to control, and are accomplished by

varying the length of the vocal cords via certain laryngeal muscles, and by

7



changing the 
o w rate of air from the lungs, respectively. Unlike the vocal tract,

the vocal cords are essentially una�ected by factors that determine vocabulary

(assuming voiced speech). However, some pitch variations have been shown to

occur with speci�c vowels [56]. Despite thesesourcesof variation to the vocal cord

characteristics,studiesbasedon speech during normal discoursehaveobservedinter-

speaker variations to be more signi�cant than intra-speaker variations [26, 36, 48].

Hence,physical characteristicssuch asvocal cord size,are the primary factors that

in
uence the shape of the glottal signal. In fact, the commonvocal registers{the

modal (or normal) register, falsetto register (often associated with high pitched

speech), breathy register, harshnessregister, and vocal fry (or creak){have been

associated with di�erent vocal cord lengths and thicknesses[58, 8, 23]. There are

di�erent voicequalities within thesemain registersas well. So,although a speaker

may be able to alter his or her voiceregister, in normal discourseit is possible(and

quite common)to generalizethe overall voicequality of a speaker [6] to a particular

vocal register.

A common assumption for the speech mechanism is that the vocal tract and

the excitation are independent of each other so that the operation of the vocal

cordsdoesnot a�ect the acousticalpropertiesof the vocal tract. Many synthesizers

now used operate under this assumption. However, it is now known that during

glottal opening,the vocal tract propertiesbecomecoupledwith the propertiesof the
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systembelow the glottis resulting in a slight variation of the resonances,particularly

at low frequencies. This source-tract interaction is intelligible and many speech

synthesizersnow attempt to model it via the excitation sourceor vocal tract [1, 47].

2.2 Speech Pro cessing Applications

Digital speech processingis usedin several popular applicationstoday including

speech coding, speech synthesis,and speech/speaker recognition. Herean overview

of thesepopular applications is given and it is shown that, although the objectives

of each of theseapplications may seemvery di�erent, the speech analysisapproach

usedis quite universal. This universal approach is commonly basedon parametric

signal modeling techniques.

Parametric signal modeling is perhaps the most important aspect of speech

analysis in current speech processingapplications. One of the main objectives

of signal modeling is to reduce the amount of information neededto represent a

signal with a certain degreeof accuracy. Hencein speech analysis, a good signal

modeling routine removes all information that does not improve the accuracy of

the particular speech processingapplication. The most commoninformation that

getsdiscardedin speech processingsystemsrelatesto the redundancyof the speech

signal. Another example of information to discard would be that which

characterizesa particular speaker for applicationsusingspeaker-independent speech

recognitionsystems.This sectiondiscussessomeof thesebasicoperating principles

9



of popular speech processingapplications, such as the signal modeling goals and

how the accuracyof the model is measuredfor the particular application.

2.2.1 Speech Synthesis

The speech processingapplication that converts text to a speech signal is known

as speech synthesis. A commonimplementation is illustrated in the block diagram

in Figure 2.2. Basically the system �rst analyzesthe text within the linguistic

processorand determinesthe speech units, from the pronunciation dictionary, that

provide an appropriate representation of the input speech. The speech unit coder

then loads the respective speech parametersfrom the speech unit dictionary. The

speech units are then generatedwith a natural soundingprosody (speed)and pitch

and are concatenatedto producethe entire speech representation of the input text.

The remainder of this sectionwill focus mainly on the bottom three blocks of the

diagram; speci�cally, how to obtain the parametersfor the speech unit dictionary

and how to usethem to generatespeech.

The contents of the speech unit dictionary mentioned above varies between

speech synthesissystems,and dependsupon the assumedspeech model. One very

popular system usesan excitation sequencewhich drives a time-varying �lter to

model the various speech sounds. Such a speech synthesis system is shown in

Figure 2.3. The voiced/unvoiced input represents a decisionconcerningwhether

to produce a voiced sound, by making f png a train of scaledunit pulseswith an
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Figure 2.2: Block diagram of a speech synthesissystem.

appropriate pitch period, or to producean unvoicedsound,such as \sh," by using

discrete white noise. The coe�cien ts of the synthesis �lter, A(z), represent the

physical e�ects of the vocal tract. Theseparametersare typically updated every 10

to 25 ms corresponding to the duration of a typical phoneme.

One important bene�t of this signal modeling approach for speech

processing,demonstrated in this application, is that the number of parameters

neededto implement the above speech synthesissystemis typically much lessthan

the number of data points in the block. The excitation sequencemay not even

needto be stored,such aswhenan \equivalent" sequenceis generatedasa random

uncorrelated sequenceen = wn , for an unvoiced block and a pulse train for the
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Figure 2.3: A typical speech synthesissystem.

voicedblock, en = pn . In this case,storageis only required for the few coe�cien ts

of A(z), which is usually in the range of 8 to 12 values. However, compressing

the excitation sequenceto this extent a�ects the speech accuracyas this model is

known to generatemechanical sounding speech [44]. Hence, for a more accurate

reproduction, the parameters,as well as the entire error sequence,may needto be

stored. Even so,compressionis still accomplishedsincethe uncorrelatedsequences

f wng and f png have a smaller dynamic range than the data sequencef yng, thus

requiring fewer bits for representation.

2.2.2 Con trolling Speech Rate, Pitc h, and Spectrum

Some speech synthesis systemsprovide the abilit y to adjust the speech and

speaker characteristics of the synthesized speech{to change the speech prosody

(speed), pitch, or even choose between a male voice and a female voice. The

latter could be implemented by storing speech templates for several di�erent types

of speakers. However somespeech systemshave devisedrules on how to change
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given parametersto producecertain speech characteristicsproviding the following

additional advantages:

� It is possibleto transform speech recordedby a referencespeaker into a more

desirable target speech, eliminating the need to record and store

additional dictionaries. For example,onecan convert speech recordedfrom a

male speaker to femaleor child-lik e speech (and vice versa).

� For peoplewith hearing lossat a certain frequencyrange, it is adventagous

to be able to shift the pitch of the synthesizedspeech.

� Being able to control the speech rate without altering the pitch and spectrum

can be useful when one has a lot of information to listen to, and wishesto

speedit up during the lessimportant speech and slow it down for that of most

interest.

Early synthesis systemshave allowed pitch-scaleand time-scalemodi�cations

for the synthesis of more natural soundingspeech. Thesemodi�cations have been

performed in the time and frequencydomains, as well as with parametric �lters.

Figure 2.4 shows how theseparticular synthesizersevolved and their references.

One of the �rst of thesesynthesis systemswas the phasevocoder. The phase

vocoder is an analysis-synthesis system which usesparametersthat describe the

short-time Fourier transforms of a signal. This system becamefeasiblewhen the
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fast Fourier transform was applied to the problem [49]. This short-time Fourier

transform approach was eventually enhanced,enabling modi�cations to be made

to the excitation and/or the spectrum of a speech signal [55, 17]. Phasevocoder

algorithms werelater extendedto handlememorye�cien t diphoneconcatenation[5]

using an approach referredto as frequencydomain, pitch-synchronousoverlap add

(FD-PSOLA) and requires storageof the raw speech waveforms, henceimposing

the needfor a diphone dictionary of approximately 7 Mbytes when sampledat 16

kHz.

To demonstratethe basic idea behind thesetypesof modi�cations, �rst short-

time speech signals xm (n) = hm (tm � n)x(n) are obtained, where x(n) is the

speech amplitude at time n, hm (�) is somewindow, and tm mark each pitch period

making the algorithm \pitc h-synchronous" (set at random points for unvoiced

speech). The length of hm is typically chosento be long enoughto cover at least

three times the longestpitch period over which the short-time Fourier transformsare

then computed. Finally, frequencydomain modi�cations (pitch) are made on the

harmonics (i.e. compression{expansion,etc.) and time (duration) modi�cations

are madeback in the time domain to obtain the desiredsynthesismodi�cation such

as rate or pitch. This approach allows a great deal of 
exibilit y in pitch-scaling,

but facesthe problem that natural soundingarti�cial harmonicsmust be produced

when the pitch (frequency) is decreased.
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Other systems have been presented that bypass the frequency domain

manipulations and perform time modi�cations directly on the waveform to save

computations [54, 18]. In this approach, the short-time speech signalsare again

obtained within each pitch period. To modify the pitch, the pitch period is

altereddependingupon whether the speech signalis wide-bandor narrow-band. For

slowing down the speech signal someshort-time signalsare repeated, whereasthe

speech signal is acceleratedby selectively eliminating someshort-time signals. This

approach has also been used to control other speech qualities such as vocal

register [57]. Sincethe raw diphonewaveformsare stored as in FD-PSOLA, a large

database is required with this time-domain approach. Furthermore,

attenuation of certain frequencybands for somenarrow-band signalsoften results

in a reverberant sound.

Another approach that hasbeenproposedreferredto aslinear-prediction, pitch-

synchronous overlap add (LP-PSOLA) also utilizes time-scale and pitch-scale

modi�cations, but instead of performing thesemodi�cations directly on the time-

domain or frequency-domainwaveform, they are performedon the signal that will

excitethe parametric �lter [39]. The computational burdenof the latter techniqueis

smaller than that of the frequency domain technique and it also

requireslessmemorythan the previoustwo approaches. However, asthe LP-PSOLA

procedure currently stands, operation solely on the residual provides limited
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exibilit y comparedto FD-PSOLA.

Another class of well-known synthesizers that provide control of the speech

characteristics are known as formant synthesizers[30, 31, 6, 24]. These systems

do not store templatesor speech waveformsthat represent segments of speech, but

a dictionary of rules on how to choose and modify synthesis parameters. The

parameters provided in these formant synthesizers perform adjustments to the

formant amplitudes and bandwidths, as well as the shape of the excitation or

glottal waveform, as it is speci�cally referred to. Rules have beendevisedfor not

only controlling the prosody and pitch, but alsothe vocal registerof the voice;even

whether the voiceshould soundlike a male or femalespeaker. More details on the

glottal waveform and its signi�cance in speaker characterization are discussedin

Section2.4.

2.2.3 Speech Coding

The transmissionof digitized speech for communications applications, asshown

in the block diagram in Figure 2.5, involves what is referred to as speech coding.

The speech �rst passesthrough a coder whereit is analyzedand compressed.The

encoded speech is then transmitted through a channel like a wire or a wireless

propagation channel. Finally the encoded speech parametersare received in the

decoder and synthesizedto a speech signal.

Similar signal processingoperations as described in Section 2.2.1 for speech
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synthesis are also commonly used for speech coding, however, the challengesare

often di�erent. For speech coding it is necessaryto transmit an audio signal as

accurately as possible,and yet to compressthe bandwidth as much as possible,

to allow more signalsto be transmitted over the samechannel. Immediately, the

tradeo� between accuracyand compressionemerges,particularly for low bit-rate

speech coding systems.Furthermore, the telephoneis a real-time system(i.e., it is

not possibleto store the signal, processit, and then transmit it); hence,the signal

modeling algorithm must be su�cien tly fast and must rely on assumptionsabout

the signal characteristics for modeling. These are the challenging issuesfaced in

speech coding systems.

As an example considera modeling approach similar to that used for speech
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synthesis in Section 2.2.1. In low bit-rate speech coding systemswhere f eng is

synthesizedat the receiver insteadof being transmitted, it is necessaryto transmit

the voiced/unvoiceddecision,gain parametersand, in the caseof a voiceddecision,

a pitch period. Hencefor each N length block, a set of, say, p �lter coe�cien ts for

A(z) are transmitted aswell as1 bit for the voiced/unvoiceddecision,about 6 bits

for the pitch period and about 5 bits for the gain parameter. Typical rates with

such schemesare72Fs bits per second,whereFs is the number of blocks per second.

For Fs = 100, 67, and 33, respectively, this results in bit rates of 7200,4800,and

2400bits per second[51]. A popular variation of this type of systemis known as

LPC-10 [10]. In transmission,it shouldbe noted that synchronization is a potential

problem sinceit is necessaryto distinguish which part of the transmissionstream

contains the coe�cien ts for A(z), and which part corresponds to the excitation

parameters. Also, separateconsideration must be made to the coding schemes

usedfor f eng and A(z) sincethey each have di�erent sensitivities to transmission

errors [16].

Many encoding schemes have been devised that attempt to achieve high

compression of the �lter coe�cien ts and excitation information while

maintaining quality that is acceptablefor a given application. In terms of the

modeling �lter coe�cien ts, particular care must be taken in computing and

quantizing the coe�cien ts for A(z) since roundo�, truncation, and quantization
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errors can result in an unstable modeling �lter. Commonly the coe�cien ts are

converted to another representation, for examplepartial correlation (PARCOR) or

line spectrum pair (LSP) coe�cien ts, to allow straightforward stabilit y

veri�cation [10].

Vector quantization (VQ) is another data compression technique that is

often usedfor quantizing the speech coe�cien ts that represent A(z). VQ involves

mapping vectors that are capableof taking on an in�nite number of values onto

a �nite set of vectors which are referred to as code words (or centroids). Greater

compressionis achieved by using a small collection of code words (i.e. a small

codebook). For example,if a codebook is designedwith 16 code words to represent

10 �lter coe�cien ts in a block of speech, then a binary index of only log216 = 4

bits is neededto addresseach respective code word asopposedto transmitting the

10 
oating point values. HenceVQ is of interest whenever compressionof speech

parametersis desired,not only for reducing bit rate in speech coding, but also for

conservingmemory and computations in speech synthesis, recognition or speaker

identit y veri�cation (SIV), as will be shown in Section2.5.2.

As for speech excitation compression, the simple speech coding system

presented at the beginning of the section gave an exampleof how the excitation

information can be encoded to achieve low bit ratesusingsimply a voiced/unvoiced


ag, the pitch period and a gain parameter. However, as discussedfor speech
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synthesis,the problem with this model is the simplicity with which the excitation is

represented as well as the di�cult y in estimating the pitch period. These

problems have contributed to mechanical sounding speech [44]. To achieve an

acceptable level of speech quality, more accurate models of the excitation

signal are used [44]. A popular alternative to arti�cially generating the

excitation signal is to directly encode f eng into a transmission stream using

waveform encoding such as di�erential pulse-code modulation (DPCM) [51]. Since

the pitch information is retained in f eng, pitch detection is not necessary.

Furthermore, although the modeling �lter is unable to uniformly reducedynamic

range over all analysis blocks, a low bit rate is achieved by adaptively

quantizing f eng. A more elaborate quantization schemeknown as multipulse LPC

has been used to even further improve speech quality. Following the

progressionfor encoding the modeling coe�cien ts, VQ is a logical candidate for

encoding the excitation sequencewhen even lower bit rates are desired. Such

coding systems include code-excited linear prediction (CELP) and vector sum

excited linear prediction (VSELP) which arepopular in wirelesscommunications [2,

32].

2.2.4 Speech and Speaker Recognition

There are other speech processingapplications where the interest is not in

reproducing speech, as in synthesis and coding, but in obtaining information from
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the speech. Such is the case for the two applications discussedin this section

{ speech recognition and speaker identit y veri�cation. These applications both

utilize a matching routine for comparingspeech information.

The technology known as speech recognition has becomevery popular today.

Consideredthe inversefunction of speech synthesis,speech recognitiontakesspeech

as the input and outputs the text equivalent. A block diagram of a typical system

is shown in Figure 2.6. In this system, the extracted speech features for a given

word are comparedto stored featuresthat represent a dictionary of words. When

the input word is similar to more than oneword in the dictionary, this systemuses

linguistic rules to help determine which word �ts the sentence the best. Perhaps

the biggest attraction of speech recognition is as a friendly human interface for

computer control.

In the area of voice security applications, speaker recognition systems,such as

for speaker identit y veri�cation (SIV), are popular. SIV may be used for secure

voice accessto a facility such as a home or computer, or to serviceslike money

in a bank account, credit or phonecard (validation), or personalinformation (e.g.

medical records). SIV may also be a useful legal or correctional tool, for forensics

or home incarceration, to verify that the convict is indeed at home. A diagram

for an SIV system is given in Figure 2.7. Note that the task of speaker identit y

veri�cation (SIV) only requiresa binary decisionasto whether the claimedspeaker
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Figure 2.6: Block diagram of a speech recognition system.

is who he or sheclaims to be. In order to \recognize" a particular person'svoice,

the systemis trained for each speaker, each of which are referred to as subscribers

of the system. Thesetrained feature sets, also called templates, are comparedto

the featuresetsthat are analyzedduring the actual SIV testing process.During the

SIV test phase,the usermust provide somekind of non-speech identi�cation as to

which subscriber he or sheclaimsto be. The templatesfor the particular subscriber

are then loaded from the dictionary and comparedto the test featuresextracted

from the current user. Userswho are not the subscriber that they claim to be are

referredto as imposters.

So the task of automatic speech recognition (ASR) systemsis to identify the
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word or phrase that makes up a given input speech record. On the other hand,

the processof distinguishing a particular speaker by his or her voice from a set of

known speakers is referredto as speaker recognition.

As a result, ASR is concerned with extracting the vocabulary-dependent

information, while SIV is mainly interested in the speaker-dependent features.

Consequently, the objectives of SIV and ASR are quite di�erent. In fact, speaker

independent ASR attempts to remove all speaker-dependent information, in

contrast with vocabulary-independent SIV which attempts to removeall vocabulary-

dependent features.

Despite these di�erences, the most common SIV and ASR systems utilize

24



virtually identical front-end feature extraction algorithms. The reasonfor this is

that the formants arethe main sourceof phonetic information neededin ASR, while

their speaker-dependent aspectshave madethem the most e�ective SIV feature as

well. Hence,algorithms that accuratelyextract the formants areof interest for both

the SIV and ASR areas.Other featuresthat arevocabulary- and speaker-dependent

include the energycontour (i.e., the variation over time) and the zero-crossingrate

of the speech signal.

Another similarity between ASR and SIV is the manner in which the

specimen speech record is compared to a given model. In ASR, the model

represents a word or phrase, or speaker-dependent features in SIV. A popular

approach for ASR and vocabulary-dependent SIV involvesdynamic time-warping in

which the time-varying featuresof two utterancesare nonlinearly alignedaccording

to a certain distancemeasure[45]. Another comparisonapproach utilizes Hidden

Markov Modeling (HMM) which statistically models a particular speech utterance

basedon sometraining data. The specimenutterance is comparedto the HMM

using a maximum likelihood computation. Comparisonroutines like thesewill be

discussedin more detail in Section2.5.

Hence, ASR and SIV share many of the same algorithms for analysis and

matching. As mentioned earlier, the primary operational di�erences of the two

systems occur as an ASR system moves toward speaker-independent operation
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whereasthe SIV system relies on the speaker-dependent information. Hencethe

signalmodeling problem in thesecasesrequiresthat the ASR systemde-emphasizes

and the SIV systememphasizesthe speaker-dependent information.

Transformations or rotations of the feature space can be made as well to

emphasizethe feature's vocabulary-dependencefor ASR, or speaker-dependence

for SIV [45]. Such an operation typically involves a training procedure in order

to accurately represent the feature distributions for each class (i.e. speakers in

SIV or words in ASR) in multi-dimensional space. For speaker-independent ASR,

the trained classshould represent several di�erent speakers saying the sameword

corresponding to the class. Once the distributions are obtained, a transformation

is devisedin an attempt to maximize the distancebetweenclassdistributions.

One other practice to make an ASR system less speaker-dependent, not

involving any featuremanipulation asin the above techniques,is to train the model

(e.g. HMM, or VQ) that corresponds to the word with su�cien t data from a

representativ e population of di�erent speakers. It is advised, however, to �rst

obtain features(perhapsusing a transformation) that are lesssensitive to speaker

variations so that the training data featureswill be more stable betweenspeakers,

and the model criteria will be tight enoughto accurately discriminate the words.

This approach can also be applied to achieve a more vocabulary-independent SIV

system. Most vocabulary-independent veri�ers usesimilar analysisprocedures,for
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obtaining the pitch, energyand formant information, as the vocabulary-dependent

veri�ers. Instead of storing each computed value, however, they are typically

averaged over large speech segments to obtain a good average of the feature

values[40]. For example,if largeenoughspeech recordsfrom both an adult maleand

a child wereobserved, onewould expect the formant frequenciesto behigher for the

child's speech than for the adult male's speech. In order to achieve

acceptable error rates for this case, often more than 30 secondsof speech is

required for training. In many situations such a requirement may be

unacceptabledue to limited speech data, limited computation time, or simply the

human factor cost related to the training time required for each user.

Another popular approach to make an ASR system lessspeaker-dependent is

to normalize the formant frequenciesso that the slight formant variations between

speakers for a given phonemedo not a�ect the pattern-matching phase[45]. A

similar approach is to perform a frequency-domaintransformation in hopes that

the phonetic content will be emphasizedover the speaker-dependent information.

Such transformationsare often referredto asperceptualspectral scalingprocedures

as they attempt to model human auditory perception. Many speech scientists feel

that the human auditory systemconcentrates on the phoneticcontent of the speech,

which is the reasonthat mel and Bark scalesfound early application in automatic

speech recognition (ASR) [9, 21]. Thus speech scientists believe that the speaker
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dependent information is extraneous,which is somewhatjusti�able in that people

have relied mainly on sight for the task of speaker identi�cation.

The mel-frequencyscaleis basedon the pitch unit mel and canbe approximated

by a function which, when plotted versusfrequency, is linear below 1000Hz and

logarithmic above. The mel-frequency scale is believed to describe the ear's

perception of pitch [45]. The mel-frequencycepstral coe�cien ts are commonly

obtained [9, 35] by spanning the mel-frequencyaxis with N triangular bandpass

�lters to derive the log energyX k for each critical band 0 � k < N from which the

M mel-frequencycepstral coe�cien ts are computed

M F CCi =
NX

k=1

X kcos[i (k � 1=2)� =N ]; for i = 1; 2; � � � ; M : (2.4)

The Bark scaleis another form of perceptual spectral scalingwhich is believed

to more directly model the ear's perception of vowels [37, 19, 12], as it has been

observed that the auditory system processesnonspeech soundsdi�erently than it

doesspeech sounds[45]. The function

f B ar k =
26:81f

1960+ f
� 0:53 (2.5)

provides an approximate mapping of the frequencyaxis f in H z to the auditory

Bark frequencyscalef B ar k [42].

2.3 Standard LPC Analysis

Oneapproach to modeling someof the speech featurespresented in the previous
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section, which has been used successfullyin a wide range of speech processing

applications for several years, is called LPC analysis. Standard LPC analysis is

usedto model speech formants as they vary with the vocal tract dynamics. This

sectiondescribeshow this is accomplished.

Linear Prediction algorithms attempt to represent each sample of the digital

speech signal sn in the form

sn = â1sn� 1 + â2sn� 2 + � � � + âpsn� p + en (2.6)

wheresn is a speech sample(e.g. pulsecode modulation or PCM value) at discrete

time n, p is known asthe prediction order and is set at a value slightly higher than

twicethe expectednumber of formants (for reasonsdiscussedlater), and f âi g
p
i=1 and

f eng areresultscomputedby the algorithm. The relationship betweenthe extracted

LP parametersand the physical speech featurescan be more readily observed in

the frequencydomain. So converting to the z-domain,

Z (sn ) = S(z) (2.7)

= a1z� 1S(z) + a2z� 2S(z) + � � � + apz� pS(z) + E(z); (2.8)

and gathering the S(z) terms,

S(z)(1 � a1z� 1 � a2z� 2 � � � � � apz� p) = E(z); (2.9)

givesthe z-domainversionof f sng,

S(z) =
E(z)

1 � a1z� 1 � a2z� 2 � � � � � apz� p
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=
zp

(z � � 1ej 2� f 1 )(z � � 2ej 2� f 2 ) � � � (z � � pej 2� f p )
E(z); (2.10)

where� i ej 2� f i for i = 1; 2; � � � ; p arethe complexroots of the pth order polynomial in

the denominatorwith � i representing the root radius and f i the root angle. Finally,

to expressthis in terms of frequency, the substitution z = ej 2� f is made where

j =
p

� 1, and f represents the fractional (or normalized) frequencyvariable (so

that � 0:5 < = f = f H zT < = 0:5 whereT is the samplingperiod). Hence,

S(f ) � S(ej 2� f )

=
ej 2� f p

(ej 2� f � � 1ej 2� f 1 )(ej 2� f � � 2ej 2� f 2 ) � � � (ej 2� f � � pej 2� f p )
E(f ):(2.11)

Note that when f = f i and � i is closeto one, the denominator becomessmall so

that S(f i ) increases.The LP algorithms attempt to identify the \p ole" parameters

f i and � i representing thesefrequencydomainpeaksin terms of the coe�cien ts f ai g

in (2.10).

Sincethe speech resonances(i.e., formants) show up as peaksin the frequency

domain as well, LP is a tool for estimating them. Usually there are �v e main

formants (or fewer) in a speech signal, soconceptuallythey could be represented by

ten factor terms (p = 10) in the denominator of S(z): (The order p must be double

the expectednumber of formants sincethe polesof the speech signal form complex

conjugate pairs. Hencefor every positive frequencypole there is a corresponding

negative frequency pole.) In practice, however, the estimatesobtained from LP

30



analysisalgorithms tend to accentuate stronger formants while maskinglower level

ones,requiring additional polesto detect theseweaker formants [29].

If the coe�cien ts f ai g
p
i=1 areusedto represent the vocal tract characteristics(i.e.

formants), then the remainingspeech information must residein f eng. As observed

from the expressionfor S(f ) in (2.11), the frequencydomain representation of the

vocal tract multiplied by the frequencydomain representation of f eng (i.e. E(f ))

givesthe speech spectrum.

Up to this point, no mention hasbeenmadeof how the parametersf ai g
p
i=1 and

f eng areextracted from f sng. This is doneby computing the prediction error signal

so that it minimizes the sum of squarederrors cost functional

n2X

n= n1

jen j2 =
n2X

n= n1

jsn �
p� 1X

k=1

aksn� k j2: (2.12)

The Autocorrelation and Covariance LP algorithms di�er in the values n1 and

n2 used in the cost functional and the assumptionsmade on the speech data.

Particularly, for the Autocorrelation method, n1 = 1 and n2 = N + p � 1 where

N is referred to as the frame length. With this rangeof n it is observed from the

cost functional that valuesfor s2� p; � � � ; s� 1; s0; sN +1 ; sN +2 ; � � � ; sN + p� 1 are required.

Since not all of these are available, those that are not are assumedto be zero.

The Autocorrelation method turns out to be the most computationally e�cien t LP

algorithm, but the assumptionsthat the speech samplesare zerooutside the frame

make this technique inaccurate for short speech records. Under this situation, the
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Covariancemethod is preferred. In this case,n1 = p and n2 = N so that all of the

necessaryinformation is available to minimize the cost functional. The Covariance

method hasbeenshown to perform well for short speech frames,but at the expense

of additional computation. The Autocorrelation and CovarianceLP algorithms, as

well as the various e�cien t algorithms available for obtaining their LP parameters,

are discussedin detail in various books [20, 29, 51]. It should be noted that these

\frame adaptive" LP approaches characterize an entire frame of speech samples

with a singleset of formants. Hencethe frame length must be chosenlarge enough

so that reliable parameterestimatescan be obtained from the LP analysisroutine,

but small enoughso that the formant variation within the frame is small (i.e., the

speech is consideredstationary). Then the time-varying nature of the formants is

extracted by analyzing several formant estimatesper speech record.

Before proceeding, another routine that will come up later and should be

mentioned involves preemphasis. As eluded to previously, LP algorithms may

use more than one pole to model a strong peak, and if the order p is not chosen

large enough,other formants may be ignored. This is particularly of concernwhen

analyzing speech which tends to have strong low frequencycomponents. To avoid

missing the lower energyhigh frequencyformants, preemphasisis often performed

on the speech signal prior to LP analysis. Pre-emphasisis often achieved using the

simple transformation xn = sn � � sn� 1 (0 � � < 1), which acts as a gradual high
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pass �lter amplifying high frequencycomponents and attenuating those at lower

frequencies.

2.4 Glottal In verse Filtering

Standard LPC analysis, introduced in the previous section, has becomevery

popular in speech processingbecauseof its abilit y to model the slowly time-varying

speech formants, while still being a very simple procedure. This section discusses

an approach that extends the capabilities of LPC analysis in order to model the

�ner speech characteristicsthat result from the vocal cord behavior.

Standard LPC analysis involves analyzing a speech record using several

consecutive analysis frames. The frequency resolution of the LPC analysis

approach is known to improve with increasingframe size,hence30 ms framesare

quite common for speech sampled at 8 kHz. For smoother tracking of speech

formants, these frames are usually overlapped by a third to a half of the frame

length. Hencethe number of analysisframesfor a given duration of speech will be

the samefor two di�erent records. This is not the casefor the approach described

in this section,which attempts to set the frame location over a speci�c portion of

a pitch period. Such analysisapproachesare often called \pitc h-synchronous."

Hencethe focusof linear predictive, glottal inverse�ltering (GIF) is to overcome

the problemsof modeling nonstationarities su�ered by conventional frame adaptive

algorithms, such as LPC analysis, in order to obtain a model of the vocal cord
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behavior [6]. GIF models this behavior using the glottal waveform.

A 
o w diagram illustrating glottal inverse�ltering is given in Figure 2.8. The

procedureavoids the openglottis regionand analyzesover the closedglottis interval

(CGI) only usingCovarianceanalysis. Sincethis regionis basicallyfreefrom source-

tract interaction, the formant estimatesvia f ai g
p
i=1 better represent the true static

vocal tract characteristicsover that pitch period. Thesecoe�cien ts are then usedto

obtain the di�erential glottal waveform u0
g;n for that pitch period, which is obtained

by running the speech samplesf sng within the entire pitch period through the

inverse�lter:

u0
g;n = en = sn � a1sn� 1 � a2sn� 2 � � � � � apsn� p; (2.13)

The nonstationarities associated with the open glottis region are henceimbedded

1
A(z)

1
1� z� 1

-

- -

f sngn2 CGI

f sngTp
n=1

ug;n

u0
g;n

a

@@��

��
@@

-

Covariance
Analysis

Figure 2.8: Flow diagram illustrating the GIF analysisprocedure.

in the glottal waveform estimate ug;n . The reason that f eng is consideredthe

di�erential glottal waveform is that it is assumedto contain the radiation e�ects of

the lips as well. Thesee�ects are approximately modeled by the crude high pass
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�lter 1=(1 � z� 1) so that

Ug(z) = E(z)=(1 � z� 1) (2.14)

or

Ug(z) � z� 1Ug(z) = E(z): (2.15)

The time-domain expressionis

en = ug;n � ug;n � 1 � u0
g;n : (2.16)

Then to �nd the glottal waveform, the approximate integral, sometimesreferredto

as the digital integral, of f eng is computedby simply arranging this equation so

ug;n = en + ug;n � 1: (2.17)

This glottal waveform estimate has been compared to results obtained from a

physical analysisof the vocal cordsby Childers and Lee [6] and with older inverse

�ltering techniques by Hunt, et al [26] and has been found reasonablyconsistent

therewith.

There are several attractiv e implications of this special LP analysisprocedure.

First of all, more consistent vocal tract estimates for a given pitch period are

expected since the analysis frame positions are always restricted to the

stationary closed glottis interval. Since the frames are typically short so as to

cover only the closedglottal interval, tracking of the vocal tract variations can be
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achieved with high temporal resolution. Lastly, the glottal estimate obtained via

the residual can be usedas an additional feature.

Unfortunately, some very serious practical problems emerge using this

analysis technique. One involves preciselocation of the closedglottis interval. A

popular approach, proposed by Wong et al [60], involves computing a di�erent

set of LPC parameters via the Covariance method at every speech sample by

sliding a short window of speech sample-by-samplewhile performing the analysisin

an attempt to obtain the precise location of glottal closure (i.e., the interval of

approximate zeroexcitation). A similar method [43] computesthe DiscreteFourier

Transform (DFT) at every sample. Both approaches require heavy computation

which hinders real-time implementation. Another weaknessis the issueof frame

length. The short duration of the closedglottis interval precludesthe use of the

e�cien t Autocorrelation analysisbecauseof poor estimation performance.For high

pitched voices,the closedglottis interval can be too short for even the Covariance

technique to perform reliably, often restricting this procedureto male voices.

The last problem entails the computation of f ug;ng. Sincethe digital integral

operation is very sensitive to bias, the glottal waveform becomesbadly distorted

unlesshigh quality recordingequipment is used[60]. It hasbeenshown that f ug;ng

computed using GIF is severely distorted by low-frequency phase

distortion aswell [25]. Becauseof theseproblems,glottal inverse�ltering is limited
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to applications where it is cost e�ective to use high quality recording equipment

and where it can be done o�-line (such as for speech synthesis, as opposed to

real-time speaker identit y veri�cation or speech translation). An alternative GIF

strategy has been presented that alleviates the �rst two problems by using a

recursive least-squaresalgorithm with a variableforgetting factor [7], rather than the

frame-basedCovariance estimation approach. Like standard GIF, this sequential

adaptive �ltering approach obtains the glottal waveform from the analysisresidual

signal, and is thus vulnerable to the samedistortions such as bias. Nonetheless,

both have beenvaluable tools in o�-line analysisfor speech synthesis.

Before leaving glottal inverse�ltering, a comment should be made concerning

the vocabulary-dependenceof the glottal waveform obtained using this technique.

Since the vocal tract estimate is taken over the closed glottis interval which is

quite stationary, inverse�ltering over this region will yield a glottal estimate that

is essentially free of the vocabulary-dependent vocal tract information. However in

the openglottis interval wherethe formants 
uctuate and deviatefrom the estimate

within the closedglottis interval, the inverse �ltering operation will not totally

remove the nonstationary formants. Consequently, the resulting glottal waveform

will then be vocabulary-dependent.

2.5 Feature Parameterization and Evaluation

The accuracy of speech analysis algorithms such as those just discussedin
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Sections 2.3 and 2.4 is no doubt crucial since it determines the amount of

information that will be available to characterize the speech. It also determines

the \qualit y" of the extracted information; that is, the degreeto which the assumed

information is free from the corruption with irrelevant information. Methods have

beenproposedthat attempt to �lter out the irrelevant information that might creep

into the analysis results, while often resulting in somedegradation of the desired

information. Another approach is to transform the featurevectorsin an attempt to

attenuate the irrelevant information. Often a transformation of the feature vector

can improve the quality of the feature, even if it is not corrupted by irrelevant

information, by providing a weighting of the feature elements that is closer to

optimal.

The next section describes common methods for evaluating the quality of the

features extracted by speech analysis systems. Hence, Section 2.5.1 describes

methods for parameterizing the vocal tract and vocal cord features; speci�cally,

how theseparametervectorsare transformedand �nally compared.

2.5.1 Linear Transformations

For a certain utterance or segment spoken by a particular speaker i , let f i =

[f i 1f i 2 � � � f im ]T denote the set of extracted features. If di�erent feature estimates

can be computed by analyzing a su�cien tly large amount of data (i.e., training),
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then the intraclass(i.e. within-class) covariancematrix can be computedas

Wi = E((f i � �f i )( f i � �f i )T ) (2.18)

where E(f i ) = �f i denotesthe statistical mean of f i . Commonly it is assumedthat

f i is normally distributed, in which casethe pooled intraclasscovariancematrix is

simply the averageof the covariancematrices over all speakers W = E(Wi ).

Given the above notation and using the maximum likelihood criterion, it can be

shown [11] that speaker i minimizes the functional

DM L;i (f ) = (f � �f i )T W � 1
i (f � �f i ) + lnjWi j: (2.19)

Many simpli�cations of this functional have beendevisedand usedsuccessfullyin

pattern matching applications. The �rst simpli�cation is to assumethat Wi is the

samefor all speakers so that the covariancematrix for each speaker is the sameas

the pooled covariancematrix. This simpli�cation reducesstoragerequirements as

well as computation sincelnjWi j is constant for all speakers and may be dropped

from the functional, resulting in

DM ;i (f ) = (f � �f i )T W � 1(f � �f i ): (2.20)

This functional is known as the Mahalanobisdistance. A further simpli�cation is

to assumethat W is a diagonalmatrix, W = diag(� 2
1; � 2

2; � � � � 2
m ), in which casethe

functional becomesa simple weighted Euclideandistance

DE ;i (f ) =
mX

j =1

1
� 2

j
(f j � f ij )2: (2.21)
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When the featuresarevirtually uncorrelatedsothat W is diagonallydominant, then

commonly W is made into a diagonal matrix by simply dropping the nondiagonal

terms. Yet sometimesthe nondiagonal terms are not negligible, and it has been

suggestedthat the (false) assumption does have an impact on performance[27].

So another alternative is to perform a simple diagonalization of W to remove

correlations.

The above inverse variance weighted Euclidean distance is a very simple

calculation once the feature variancesare known. The motivation of applying a

smaller weighting on features which have higher variances(i.e., are noisy) is to

help prevent a large feature distance, f j 0 � f ij 0, resulting from a particular feature

j 0 deviating signi�cantly from its mean, from dominating the calculation of the

overall distanceDE ;i . The only drawback with this assumptionis that it doesnot

take into account the interclass (i.e., between class) feature variations or,

speci�cally, the separability of the features for a given population of speakers.

For example, a feature having a large variance for each speaker may still be an

e�ective discriminator if it happens to be very distinctive between speakers. An

approach that incorporates intraspeaker variation in the form of another simple

linear transformation is referred to as discriminant analysis and requires the

computation of the interclasscovariancematrix

B = E((�f i � �f )(�f i � �f )T ): (2.22)
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Due to the heavy training cost (as mentioned in Section2.2.4), this method tends

to be impractical and is rarely usedfor SIV.

2.5.2 Vocal Tract Feature Evaluation

Cepstral coe�cien ts have been used successfullyin SIV and ASR and have

becomethe representation of choicewhen comparingvocal tract features. Sincean

AR vector f ang can be transformed to the cepstral vector f ĉng using the

recursion[10]

ĉn = an +
n� 1X

k=1

k
n

ĉkan� k for n � 1, (2.23)

the e�cien t andstablelinear prediction algorithmscanbeusedto derive the cepstral

coe�cien ts. AR derived cepstral coe�cien ts have beenshown to yield similar SIV

performanceas those obtained using direct nonparametric cepstral analysis [14].

The mel-frequencycepstral coe�cien t representation introducedin Section2.2.4 is

a variation of this standard cepstral vocal tract representation, as is the popular

delta cepstrum[10].

Cepstral coe�cien ts are typically compared by using the simple Euclidean

metric. The most complicated task in vocal tract feature matching, however, lies

in time-scaling the sequenceof cepstral vectors when an utterance is spoken at

di�erent ratesbetweentraining and testing. The most direct approach to comparing

a specimen utterance with utterances obtained in training involves template

matching. A template contains the features that were extracted from a single
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utterance (e.g. the sequenceof cepstral vectors) during the training session.Then,

in veri�cation, the feature set from the specimen utterance is directly matched

against the template(s). Time-alignment of specimenand template is accomplished

by compressingor expandingthe time scale.Speci�cally, to align the featuresfrom

utterances spoken at di�erent rates, vectors obtained from the faster

utterancemay be repeatedan appropriate number of times to match up with events

occurring within the slower utterance. Due to time-variations within even a word,

along with inconsistent endpoint detection, simple linear compression or

expansion of the time scale does not provide accurate alignment. A popular

approach for template matching, especially in systemsthat compareisolatedwords,

involves dynamic time-warping (DTW). In DTW, the time-varying features of

two utterancesare nonlinearly aligned by computing various local distances(i.e.,

betweenparticular vectorsfrom within the specimenand template featuresequences),

andmatching the time-varying featuresthat utilize the smallestlocal distancesgiven

somesimple constraints.

Figure 2.9 shows a particular example of the DTW processfor aligning and

comparingthe specimenfeatureset f ai g againstthe template f bj g (where1 � i � I

and 1 � j � J ). The matrix of dots represents the various distanceswhich result

whenmatching each of the specimenvectorswith each of the template vectors. The

sizeof the dot correspondsto the relative valueof the distancebetweentwo vectors.

42



a1 a2 a3 ai aI

b1

b2

b j

bJ

�

�

�

� �

� �

�

� � �

�

� � � �

� �

�

��

�

�

�

�
�

�

�
�

�
�

�
�

u u u u

u u

u u

u

u u u

u u u

u

u~ ~ ~ ~ ~z ~ ~

~

~

~

~

~

~

~

~

~

~~

~

~

~

~

~ ~

~

~

~

z z z

u

z

z

z

z

z z

z

zz

z

z

z

z

z

z z

z

z

z z z

z

�

�
�

�
�

�
�

6

- i

j

z

�
�

�

d(ai ; b j )

Figure 2.9: DTW processto align the vector sequencesof the specimenutterance
with the template utterance.
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Starting with the �rst feature vectorsfrom both sets,a1 and b1, the local time axis

of the specimenutterance is, in e�ect, expandedby choosing the match (a1; b2).

The samegoesfor the template utterance if (a2; b1) is chosen. No local time-scale

modi�cation occurswhen(a2; b2) is chosen.The best local alignment is assumedto

occur by choosingthe match which yields the smallestdistance,d(a1; b2), d(a2; b1),

or d(a2; b2). The samedecisionprocesstakesplace at each point in the alignment

path (i; j ) (where (ai ; bj ), 1 � i � I and 1 � j � J , was the match that was last

chosen)until the last vector of oneof the sequencesaI or bJ is reached. The overall

match of the two vector sequencescan be represented by the normalizedsumof the

local distancescomputedalong the chosenalignment path.

A less direct technique than template matching for comparing the specimen

and training utterancesis to incorporate a statistical model of the vector sequences

corresponding to the training utterances.Onesuch statistical model is referredto as

the hidden Markov model (HMM) [28, 50]. In HMM, the sequence is

modeled by a �nite number of states (which is generally fewer in number than

the length of the feature sequence),along with a state transition description which

provides the time-alignment capabilities to the model. A specimen utterance is

comparedto a particular model by presenting the specimenvector sequenceto the

respective HMM. From this, a maximum likelihood computation is performedand

the probability that the specimensequencematches the model is provided. The

44



most popular HMM application to SIV, for example, is to have an HMM trained

for each speaker and each word in the vocabulary. Then a given specimenword is

presented to the respective HMM of the claimedsubscriber and the likelihood of a

correct match is computed. If the likelihood is smaller than a prede�ned threshold,

the identi�cation claim is rejected.

VQ may be used in speech and speaker recognition systemsin various ways.

Perhaps the most obvious way is to substitute for the spectral parameters(i.e.,

the AR coe�cien ts or equivalent representations such as cepstral coe�cien ts or

re
ection coe�cien ts) with the code words (via their addresses)simply to reduce

memory requirements associated with storing templates. In the context of pattern

matching, recall that VQ maps a vector to the \closest" (preferably in terms of

perception)codeword accordingto a particular distortion measure(which is similar

to a distance measurebut only requires the property that dist(x; y) � 0 with

equality when x = y). Henceanother approach for matching utterancesspoken at

di�erent rates is to present the test speech utterance to the codebook which has

beendesignedfor a particular subscriber and determine if the test utterance came

from the claimed subscriber by computing the overall averagedistortion. The idea

is that a codebook trained for a singlespeaker will besu�cien tly speaker dependent

so that the samespeaker will producea lower averagedistortion than someoneelse

using the same codebook. This approach has been applied in text-independent
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situations since it is relatively insensitive to temporal variations as well as to the

sequencein which particular coe�cien ts are input [53, 4, 61]. Consequently, no

templatesneedto be stored and no time-alignment procedureis required.

There are various tradeo�s between using DTW, HMM, or VQ. HMM does

a better job of retaining temporal features(which may provide speaker-dependent

information) and, likeVQ, requiresfewer computationsthan DTW and lessmemory

for storing the templates. However, the amount of training data required for HMM

and VQ is generallya lot more than for DTW. Furthermore, updating the HMM is

more di�cult than updating a template (i.e. a simple replacement with the feature

set obtained in a veri�cation sessionthat resultedin an acceptedveri�cation) which

is important given that a speaker's voiceis known to changeover time [15]. Finally,

it isn't as easyto interpret the HMM and VQ parametersfor analysisand testing

purposes. So if the time-alignment computations and large memory requirement

aren't a problemfor a particular application, the template approach may bedesired.

However, if training data is adequateand it is possibleto periodically retrain or

update the model, then HMM and VQ have an edge.

2.5.3 Lik eliho od of Errors

Now that the common techniques for comparing speech features have been

introduced, probabilistic detection theory concepts will be utilized for

evaluating the likelihood of the two types of speech/speaker recognition errors
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that can occur{false identi�cations (�d) (the system erroneouslydecidesthat the

specimenfeature set wasproducedby subscriber Tk when it wasactually produced

by subscriber Tj (1 � k; j � N , j 6= k)) and missed identi�cations (mid) (the

systemrejectsthe correct speaker). The resultsobtainedherecould alsobe tailored

for several common speech recognition systemsas well. For the purposesof this

dissertation, however, the analysis will focus on speaker recognition and the

tradeo�s between false and missedidenti�cation errors according to the decision

threshold.

In order to analyze the speaker recognition errors formally given a

particular criterion, it is necessaryto introduce some notation. First, H i;j will

represent the hypothesisthat the comparisonis betweenutterancesfrom subscriber

Ti and subscriber Tj (1 � i; j � N ). For the casei = j let H i;j = H i . The

dissimilarity score resulting from the comparison (e.g., via Euclidean or other

distance functional as presented in Section2.5.1) between the specimenutterance

and the template for subscriber Ti is x i . The probability density function (PDF)

with respect to the continuum of dissimilarity scoresX associated with a particular

hypothesisH i;j is denoted as f X jH i;j (xjH i;j ) and can be computed after extensive

training.

The most common decisionprocedure in speaker identi�cation is to compare

the specimenfeatureset to each template featureset provided by the N subscribers
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in training and choosethe subscriber whosetemplate matched the specimenbest

(i.e., gave the lowest dissimilarity score). The probability of a false identi�cation

for such a system is equivalent to the probability that the specimenwas actually

producedby another subscriber, Tj , rather than the speaker Tk which yielded the

lowest dissimilarity scorexk with the specimen. The region which represents the

probability of these occurrencesis shown in Figure 2.10 and the probability of a

falseidenti�cation is computedas

P(f id) =
X

j 6= k

P(H j )
Z xk

0
f X jH j;k (xjH j;k )dx: (2.24)

The lowest probability of a false identi�cation results when xk is small so that

f X jH k (xjHk)
6

P
j 6= k P(H j )f X jH j;k (xjH j;k )

xk xut

-

Figure 2.10: Speaker identi�cation criteria.

the score is less likely to be associated with a hypothesis H j;k (j 6= k) (where
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the template from Tk is hypothesizedas being comparedto a specimenutterance

from another talker Tj (j 6= k)). In contrast, the highest probability of a false

identi�cation occurswhenxk is high sothat it is closerto the meanof f X jH j;k (xjH j;k ).

The rangeshown in Figure 2.10can be better understood by thinking of the value

of xk asa �xed threshold x t = xk sothat, assumingthe other dissimilarity scoresx j

(j 6= k) are �xed, hypothesisH k will be chosenwhenever xk � xt . It is noted that if

in this systemspeaker Tk is falsely identi�ed, then naturally the correct subscriber

hasbeenmissed.HenceP(f id) = P(mid).

If the cost of a false identi�cation is much greater than the cost of a missed

identi�cation, a \don't know" threshold may be added to the systemto limit the

probability of a false identi�cation. Thus the \don't know" state is

commonlyachieved when the lowest scorexk exceedsa certain upper threshold xut .

Consequently, the upper limit on the probability of falseidenti�cation is

P(f id)max =
X

j 6= k

P(H j )
Z xut

0
f X jH j;k (xjH j;k )dx: (2.25)

As long asxk � xut , P(f id) = P(mid) asabove. When xk > xut , the \don't know"

state results so that P(f id) = 0 and P(mid) = 1. The probability that this will

happen for subscriber Tk is

P(xk > xut ) =
Z 1

xut

f X jH k (xjHk)dx: (2.26)

Given the PDF's for the N subscribers, the averageprobability of a \don't know"
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state occurring may be computedas

P(x1 > xut [ x2 > xut [ � � � xN > xut ) =
NX

j =1

P(H j )
Z 1

xut

f X jH j (xjH j )dx: (2.27)

Normally a missed identi�cation, particularly one resulting from the \don't

know" condition, has somecost associated with it, perhapsrelated to the human

factors aspect. Commonly the identi�cation subject will be asked to repeat the

utterance in order to resolve the \don't know" condition. Consequently the

condition xk < xut is forced to hold so that the maximum probability of false

identi�cation is also P(mid) = P(f id). Note that on the average, as long as

P(xk < xut ) > 0:5, an identi�cation decisionwill be made on the �rst utterance

with no retest. In general, the probability that it will take n � 1 retests before

resolving a \don't know" is P(xk � xut )P(xk > xut )n� 1: If there are a limited

number of retests, M , that are allowed to be performed for each identi�cation

session,a \don't know" state must againbe a possibleoutcome. Soagain,a \don't

know" will result in a miss rather than risking a false identi�cation. Hence the

condition that P(f id) = 0 and P(mid) = 1 can again occur. However, now the

probability of such an occurrencewould be equal to

1�
MX

n=1

P(x1 > xut [ x2 > xut [� � � xN > xut )n� 1(1� P(x1 > xut [ x2 > xut [� � � xN > xut )) :

(2.28)

The other popular application of speaker recognition, SIV, simply gives a

binary decision to either reject the identit y of the speaker, or accept it as
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corresponding to the claimedsubscriber. In this case,the missedidenti�cation and

false identi�cation errors are considered instead as false rejection and false

acceptanceerrors (where accepting the SIV claim made by some speaker Tj

instead of subscriber Tk is analogousto choosing the wrong subscriber in speaker

identi�cation). Using this analogy, the conceptsabove can also be applied to SIV.

A commonperformancemeasurement of SIV systemsis known as the equal-error

rate (EER), which is the percentage of errors that occurs when the SIV decision

threshold is set so that the probability of falseacceptanceequalsthe probability of

falserejection, or

Z xut

0
f X jH j;k (xjH j;k )dx =

Z 1

xut

f X jH k (xjHk)dx: (2.29)

2.5.4 Vocal Cord Feature Represen tation

The glottal waveform is perhaps the most popular vocal cord representation,

and has been used successfullyto replicate voiceswith various vocal registers [1,

6, 22, 30]. Parametersthat have beenusedto de�ne the glottal waveform include

pitch (i.e., fundamental frequency),glottal opening time, glottal closing time, and

amplitude, asde�ned in Section2.1. Other e�ects, such assource-tractinteraction,

have also beenincorporated by making slight changesto the wave [1, 47]. Certain

perceptually signi�cant characteristicsare more apparent in the frequencydomain,

prompting new glottal excitation generatorsthat directly control the spectrum.

Common spectral characteristics include spectral tilt (i.e., magnitude roll-o� with
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increasingfrequency),relative harmonic intensities, and interharmonic noise[6].

Extracting glottal features from the time-domain signal is attractiv e, as the

featuresareeasyto relate to physical speech characteristics. Furthermore, sincethe

vocal cords vibrate relatively consistently over all voiced speech, it is possibleto

model typical vocal cord operation over a short voicedsegment (containing at least

onepitch period). Doing soin the time-domain will generallyrequire lessdata than

short-time analysis techniques (such as spectral and statistical methods) require,

resulting in features that can be easily normalized to pitch. This also results in

shorter delays for real-time applications.

On the other hand, variations of the glottal signal over all speakers makes

automatic time-domain analysis a di�cult task. For example, the opening pulse

for breathy voices may be weak, and there may not be a closed interval as the

glottis may never closecompletely. Vocal fry (or \creaky") voices,on the other

hand, may not have a detectable opening pulse and may contain more than one

excitation per pitch period. The above properties of the glottal signal for breathy

and vocal fry voicesmay help distinguish a particular speaker, but alsomake pitch

detection and consistent estimation of glottal events very di�cult.

Other sourcesof inconsistencyof the glottal signal may arise as a result of

changesin air
o w and obstructions,such asmucous. For example,the glottal signal

may contain an occasionallargepulsethat may be mistaken for an excitation event.
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Or if the air
o w from the lungsis not strongenough,the glottal signalmay alternate

betweenbreathy excitation and unvoicedexcitation (i.e., no glottal vibration). The

glottal signal has also been observed to be inconsistent for somevocal fry voices

and for speakers with certain speech pathologies. In thesecases,attempting time-

domain analysisover a coupleof pitch periods may be quite di�cult and provide a

poor generalizationof the glottal signal.

The reasonfor posing the above di�culties (rare as they may be) beforeeven

describing the characteristics of the glottal signal is to serve as a forewarning

whendesigninga time-domain extraction routine that is basedon overly optimistic

assumptions. For example the problem of pitch detection has long been

acknowledgedas a very di�cult task [22], hencedesigningan extraction routine

that is basedheavily on the assumptionof accuratepitch detection could result in

a set of computed featuresthat bear no resemblance to the actual oneswhen the

assumptionis violated.

Heeding the above warnings, only the primary time-domain features of the

glottal signalarediscussedhereaswell astheir variation for vocal registersat various

extremes.As illustrated in Figure 2.1, the most signi�cant glottal featuresare the

glottal opening and glottal closing phases. In the glottal waveform, the

glottal opening phaseappearsas a pulse (i.e., makes up about a tenth to a third

of the entire pitch period, depending upon the speaker) and always precedesthe
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glottal closingphase,which shows up asa sharpdrop. As a result, exceptfor larger

malesand speakers with vocal fry voicesthat require little vocal e�ort to open the

glottis, the glottal opening interval is usually very distinguishable. The glottal

closinginterval is alsoquite distinguishable,particularly for lower pitched speakers.

The glottal opening and glottal closing phasemake up the open glottis interval

(OGI). The closedglottis interval (CGI) makesup the remainderof the period and

is often assumedto be the stationary region within the pitch period. The CGI

is typically much shorter for femalespeakers than for male speakers and may be

di�cult to distinguish for breathy speakersas the glottis may not closecompletely.

Using the above generalizations,onemight do quite well identifying main events

within glottal signalsfor the vast majorit y of speakers. The glottal openingpulseis

typically quite large and easily identi�able. Although such a pulse may not occur

for somelow-pitched male speakers, their closingphasetends to be quite sharpand

easily identi�able. If LPC analysisis beingperformedon the speech, the prediction

error signal can also be usedto assistin locating the glottal closureinterval, since

the largestprediction errorsoccur during main excitation. Several other parameters

have also beenusedto locate speci�c glottal events, particularly in the context of

pitch prediction [22]. Therefore, it is possibleto locate a main excitation within a

certain interval quite consistently, even for problematic voicessuch as those that

are breathy or have multiple excitations, simply by �nding the largestpeakand/or
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the sharpest drop within an interval that contains at least onepitch period.
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Chapter 3

Adaptiv e Forced Response In verse
Filter (AFRIF) Mo del

A key feature of the speech analysis procedure proposed in this chapter is

the adaptive �ltering operation that is performed to obtain the vocal tract and

glottal waveform estimates. To demonstrate the operation of recursive �ltering

on speech, Figure 3.1 shows time-varying spectral estimates from the standard

recursive, least-squaresalgorithm over a single speech period. These 41 speech

sampleswereobtainedby digitally recordinga malechild (correspondingto CMBSB

in the following chapter) making an /u w/ vowel sound, sampledat 8 kHz. These

samplescorrespond to samples6610to 6650of the waveform in Figure 3.2. As with

standard LPC analysis,the adaptive �lter usesa 10th order autoregressive model.

The high temporal resolution provided by thesetime-varying spectral estimates

allows continuoustracking of the formant behavior asthey area�ected by the vocal

cord behavior. Although the �rst 10 estimatesare quite stationary, in the next
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Figure 3.1: Instantaneousspectra from RLS.
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Figure 3.2: Speech record usedfor illustration.
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5 to 10 samplesthe formants dampen and broaden. At the 25th estimate the

formants are excited,and the bandwidths suddenlydecrease.For the following 5 to

10 samples,the energyin the high frequencyformants increases,while the energy

in the lowest formants decreases.

Theseevents correspond with the results observed in other studies,which have

gonea step further by relating theseevents to the speci�c vocal cord mechanics.

The 25th sample at which the formants are excited is the key event, becauseit

results in the generationof the next period asshown in Figure 3.2 corresponding to

n = 6635. This is known as the main excitation and occursat the beginningof the

glottal closurephase[22]. A well-known consequenceof this is the strong excitation

of the higher harmonicsthat wasobserved for the following 5 to 10 samples[31]. So

accordingly, the 10 to 15 sampleinterval prior to the 25th samplecorresponds to

when the glottis is open. The observed time-varying frequencyresponsecertainly

con�rms this assumption, as other studies have also found that glottal opening

indeedtends to causea damping of the lower frequencyharmonic [60].

In summary, the above observations of the time-varying frequency response

complement those observed in other studies. Due to the popularity of the

glottal waveform, madepossibleby glottal inverse�ltering, over expensive physical

measurements, these events are quite well understood today. However, the

signi�cance of the analysis made here is that, unlike in the standard glottal
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inverse �ltering technique, the above observations of glottal events were made

using the prediction coe�cien ts rather than the prediction error signal. This was

only possiblebecauseof the continuoustracking provided by the recursive analysis

algorithm, allowing a newset of coe�cien ts to be computedfor every samplewithin

the pitch period.

In this chapter, Sections3.1 and 3.2 will describe how the proposedAFRIF

procedure obtains the vocal tract and vocal cord information from time-varying

spectral estimatesof the input speech signal. Section 3.3 provides an analysisof

the glottal waveform modeling capability of the AFRIF procedureusing arti�cial

speech, generatedfrom the classicalglottal waveform model, as the AFRIF input.

3.1 Adaptiv e Vocal Tract Mo deling

As observed in Figure 3.1, the recursive �lter analysisalgorithm providesseveral

linear predictive formant estimatesover each pitch period. It was also observed

that, although the linear prediction parametersmodeled the vocal tract (via the

formants), many of the parametervectorswerea�ected by the vocal cord operation

as well. To accurately model the vocal tract without excitation e�ects, a linear

prediction parametervector shouldbe chosenfrom within the closedglottis interval

(CGI), as is donein glottal inverse�ltering.

Since the vocal tract features are relatively stationary over 20 to 30 ms

intervals, it is not necessaryto detect the closedglottis intervals and store the vocal
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tract parameters for every pitch period. Rather, the proposed analysis

algorithm attempts to identify each closedglottis interval but choosesonly one

vector, say anc , within a given speech frame from which to extract the vocal tract

estimate. Note that the amount of memory required to store the parameters,

extracted with this �xed frame pitch-synchronousanalysis,dependsonly upon the

length of the utterance and not on the pitch.

The recursive least-squares(RLS) algorithm has beenselectedto perform the

adaptive �ltering operation for computing the time-varying �lter coe�cien ts An (z).

The RLS procedurehasbeenshown to convergeafter about 2p data samples,wherep

is the �lter order, regardless of the properties of the data (i.e. the

conditioning, as described in Haykin [20]). This convergenceproperty makes the

RLS procedures attractiv e for accurate glottal signal tracking and formant

extraction from short speech intervals or from high pitched speech. Hence,RLS

is capableof extracting accurate vocal tract estimates from much shorter closed

glottis regionsthan is possiblewith the Covariancemethod usedfor glottal inverse

�ltering.

3.2 Forced Response In verse Filtering for Vocal
Cord Mo deling

Figure 3.1 demonstrated how the prediction coe�cien ts obtained from the

recursive analysis algorithm contain a description of the glottal behavior. A
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procedureis described here that aims to model this behavior using a time-domain

waveform, rather than by analyzing the variations of the p prediction coe�cien ts.

Section3.3 will show that the resulting signal tracks the classicalglottal waveform,

thus providing an alternative for extracting the classicalglottal waveform.

The �rst step of the procedure is to obtain the step responser n of the time-

varying �lter de�ned by the prediction coe�cien ts:

rn = un +
pX

i =1

an;i rn� i : (3.1)

Finally, to model how the statistics of this signal changeover a pitch period as a

result of the vocal cord behavior, the stepresponseis injected into the time-invariant

inverse�lter de�ned by the prediction coe�cien t vector anc , obtained in Section3.1:

gn = rn �
pX

i =1

anc ;i rn� i : (3.2)

The overall 
o w diagram of this proposedprocedureis given in Figure 3.3.

Note that since the time-invariant �lter, Anc(z), represents the inverseof the

vocal tract model for the corresponding period (which is assumedto be stationary),

its output f gng is expectedto be virtually free from vocal tract information. If the

speech signal itself is stationary over the particular pitch period (which it never is),

the output of the inverse�lter, Anc(z), will be unity. Resultsdi�erent from unity,

within the pitch period, thus re
ect the nonstationarities associated primarily with

the vocal cord operation. Hencethe inverse�lter output f gng is referred to as the
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Figure 3.3: Flow diagram illustrating the proposedanalysisprocedure.

glottal signal. Figure 3.4shows the glottal signalestimatefor �rst half of the speech

period in Figure 3.2. Section3.3will show how the resulting glottal signalestimates

correspond to the popular di�erential glottal waveform introducedin Section2.4.

The proposedapproach is noted to have many similarities to classicalglottal

inverse�ltering. The main di�erencesof the two techniqueslie primarily in how the

vocal tract estimatesareobtained,and in the signalusedfor inverse�ltering. Recall

that in conventional glottal inverse�ltering [60], preprocessinginitially takesplace

to �nd the closedglottis interval from which the vocal tract estimate is obtained.

The proposedapproach, on the other hand, recursively performs linear predictive

analysis at each speech sample and then selectsa linear prediction vector at a

particular samplewithin the closedglottis interval asthe vocal tract estimate. The

remaining instantaneousprediction coe�cien ts do not get discarded(as do those

62



gn

discretetime n

Figure 3.4: Glottal signal estimate.

obtained in the preprocessingprocedureof glottal inverse �ltering), instead they

are characterized by their time-varying unit step response to derive the glottal

signal. This leads to the other main di�erence between glottal inverse �ltering

and the proposedprocedure; speci�cally the signal to be inverse �ltered. Recall

that glottal inverse �ltering techniques use the speech waveform. The proposed

approach, however, usesthe step responsewhich is basically the speech signalafter

much of the random noisecomponent and excitation harmonicshave beenremoved

and replacedby the unit step signal.

3.3 AFRIF Vocal Cord Mo deling Analysis

This section analyzesglottal behavior, as was observed in the time-varying
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frequencyresponsein Figure 3.1,which will be shown to result in an estimateof the

classical glottal waveform estimate f gng. In order to provide a more

controlled analysis of the glottal signal extraction operation of the AFRIF

procedure, various phonemesof synthesized speech will be generated using an

arti�cial glottal waveform source. The RLS algorithm will be used for the

adaptive �ltering operation of the AFRIF procedureandwill demonstratethe e�ects

of convergenceand �lter order on glottal waveform modeling performance.

3.3.1 Exp erimen t Setup

The speech synthesis system used in this section is basedon the Klatt formant

synthesizer [30] and usesthe Liljencrants{Fant (LF) glottal waveform model as in

the revisedKlatt synthesizer [31]. The LF model represents the glottal pulsewith

the function

g(t) = at2 � bt3 (3.3)

where a and b determine the open quotient, glottal pulse skew, and voicing

amplitude. This section makes use of the di�erential glottal waveform

representation

g0(t) = 2at � 3bt2: (3.4)

Theserepresentations can be interchangedusingsimple �rst-order �lters to convert

betweenthe glottal and the di�erential glottal waveform models. Unlessotherwise
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stated, the default values given in [31] were used throughout the analysis. This

includesthe default samplingrate of 10 kHz. The advantage of this analysisis that

the glottal waveform of the (synthesized)speech is completelyknown, sothe glottal

estimatesfrom AFRIF can be directly evaluated. Furthermore, sincethe voicing,

pitch, location of all of the glottal events, and formants areknown, automatic pitch,

endpoint, and voiced/unvoiceddetection routines arenot necessaryin this analysis,

and are manually speci�ed according to the speech synthesis model parameters.

Hence,the location within each pitch period at which the AFRIF procedureextracts

the vocal tract estimate is manually speci�ed as the tenth sample prior to each

glottal opening pulse that occurs in the LF glottal waveform model.

3.3.2 Exp erimen t on T ypical Vowels

The AFRIF procedure, using 10th order RLS analysis, is �rst applied to

synthesized speech of the long vowel sound /u w/ as in the word do shown in

Figure 3.5. Figure 3.6 shows a period of the glottal signal estimates as well as

the actual di�erential glottal waveform used to generatethe synthesized speech

denotedby the dashed-dottedline. As will be the casefor the remaining �gures

in this section, the analysiswas performed using exponential forgetting factors of

� = 0:8 and � = 0:9 denotedby a solid line and a dashedline, respectively. The
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Figure 3.5: Synthesizedspeech of /u w/.
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Figure 3.6: Glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of /u w/ from a
synthesizedwaveform (dashed-dotted).
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forgetting factor is a variable applied to the RLS cost functional as follows

nX

i =1

� n� i jei j2; (3.5)

and providesa way to reducethe in
uence of past data and thus improve estimation

while tracking nonstationary data.

Using the samearti�cial glottal signal sourceasfor the synthesized/u w/ vowel,

the long vowel /iy/ as in the word see was alsosynthesizedasshown in Figure 3.7.

Figure 3.8 revealssimilar resultsaswereobserved for the analysisof the synthesized

vowel /u w/. Open quotient (OQ) is another glottal waveform parameter that

sn

discretetime n

Figure 3.7: Synthesizedspeech of /iy/.

a�ects speech characteristics,and hasbeenassociated with breathy phonation [31].

To determine how AFRIF is able to track smaller glottal opening pulsesresulting
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Figure 3.8: Glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of /iy/ from a
synthesizedwaveform (dashed-dotted).

from a small OQ, the open quotient was decreasedto lessthan half of its default

value of 43%, as in Figure 3.7, to 21% given in Figure 3.9. As observed from the

estimated glottal signalsin Figure 3.10, the AFRIF proceduremodels the smaller

glottal opening pulseassociated with a decreasedOQ.

The above analysiswas also performed for di�erent �lter orders. Figures 3.11

and 3.12show the results when analyzing the synthesizedvowel /u w/ in Figure 3.5

with 14th and 18th order adaptive �lters, respectively. Figures 3.13 and 3.14

correspond to 14th and 18th order analysesof the vowel /iy/. Finally, Figures3.15

and 3.16 give the results of the 14th and 18th order analysisof the speech with a

smaller open quotient corresponding to Figure 3.9.
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Figure 3.9: Synthesizedspeech of /iy/ with 21%OQ.
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Figure 3.10: Glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of /iy/ from a
synthesizedwaveform (dashed-dotted)with 21%OQ.
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Figure 3.11: 14th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/u w/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.12: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/u w/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.13: 14th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.14: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.15: 14th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ from a synthesizedwaveform (dashed-dotted)with 21%OQ.
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Figure 3.16: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ from a synthesizedwaveform (dashed-dotted)with 21%OQ.
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3.3.3 Exp erimen t Observ ations

For the most part, the results in the above experiment were quite insensitive to

changesto the data and analysis parameters. Comparing Figures 3.6, 3.11, and

3.12obtainedfrom the synthesized/u w/ vowel, and Figures3.8,3.13,and 3.14from

the synthesized/iy/ vowel, shows that the glottal waveform modeling performance

tends to be quite consistent for the di�erent analysis�lter orders.

The portion of the waveform that was the most di�cult for the AFRIF

procedureto track was during the glottal closureinterval. This is not completely

surprising since main excitation occurs in this interval. For example, consider

Figure 3.8. In this plot, the glottal closureinterval occurred from sample478 to

sample505. The AFRIF procedurewasable to track the waveform until the 499th

sample where the estimated glottal signals sharply decrease. Furthermore, the

estimatedglottal signalswerenot able to instantaneouslyreach the constant closed-

glottis interval which occurredat sample506but tended to oscillate (for the small

� case)or gradually climb (for the large � case)to the constant value of one after

approximately 10 to 20 samples.

The results in the above experiment con�rmed that larger forgetting factors

translated to slower waveform tracking, particularly at the transition from the

closed-glottis interval to glottal opening. For example in Figure 3.14, the

waveform modeling at the glottal opening transition at n = 465 was not as sharp
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for the � = 0:9 caseand laggedthe estimate obtained using � = 0:8. On the other

hand, smaller forgetting factors occassionallyyield a dip in the estimatewithin the

glottal opening interval, as observed over the interval from n = 460 to n = 480 in

Figure 3.16 for the � = 0:8 case. Similar results will be observed in Section4.1.1

when inaccurate RLS estimates, that have not adequately converged after

excitation, are usedas vocal tract estimates. For problemsassociated with small

forgetting factors, inaccurate vocal tract estimatescan also result due to another

RLS estimation error referred to as misadjustment [20].

3.3.4 Exp erimen t on Breath y Vowels

A common speech quality relates to the breathinessof a speaker. For example,

femalespeakers are often characterizedaccording to their breathy phonation [31,

47]. The revised Klatt synthesizer generatesbreathy speech using its aspiration

noiseparameter (AH) which simply adds random noise to the di�erential glottal

waveform [31]. Figures 3.17 and 3.18 show the synthesizedvowels /iy/ and /u w/

as synthesizedfor Figures 3.7 and 3.5, respectively, but with the aspiration noise

parameterset to 52dB (instead of the default whereno aspiration noiseis assumed;

i.e., 0 dB). The 10th and18th orderAFRIF glottal waveformanalysesof the breathy

vowel /iy/, and the 10th and 18th order AFRIF analysesof the breathy vowel /u w/,

are shown in Figures3.19through 3.22.
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Figure 3.17: Synthesizedbreathy speech of /iy/.
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Figure 3.18: Synthesizedbreathy speech of /u w/.
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Figure 3.19: 10th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
breathy /iy/ (Figure 3.17) from a synthesizedwaveform (dashed-dotted).
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Figure 3.20: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
breathy /iy/ (Figure 3.17) from a synthesizedwaveform (dashed-dotted).
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Figure 3.21: 10th order Glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
breathy /u w/ (Figure 3.18) from a synthesizedwaveform (dashed-dotted).
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Figure 3.22: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
breathy /u w/ (Figure 3.18) from a synthesizedwaveform (dashed-dotted).
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3.3.5 Exp erimen t Observ ations

The above results show a noisier glottal waveform estimate, but did not reveal

any noticable degradationof analysisperformanceover breathy synthesizedspeech.

The estimates in Figures 3.19, 3.21, and 3.22 using � = 0:9 again resulted in

slower tracking than with � = 0:8, as did the estimatesusing 18th order �lters in

Figures 3.20 and 3.22 in comparisonto the 10th order casesin Figures 3.19 and

3.21, respectively. Figure 22 exhibits a dip in the estimation over the glottal

opening interval like that of Figure 16 when inadequate RLS convergencewas

blamed, but then eventually increasesand appearsto start tracking the pulse.

3.3.6 Other Exp erimen ts

In Section 3.3.2 the AFRIF estimation Next, consider the AFRIF glottal

estimation performanceon synthesizedspeech with more extremeglottal waveform

open quotient. The synthesizedspeech shown in Figures3.23and 3.24,corresponds

to the long vowel sound /iy/ using open quotients of 64% and 5%, respectively.

Figures 3.25and 3.26 show the actual glottal waveform with the estimated glottal

signals when a �lter order of 18 was used to analyze the speech in Figures 3.23

and 3.24,respectively. Slightly more degradationin waveform tracking is revealed

in Figures 3.27 and 3.28 when the �lter order was decreasedto 10. For the large

open quotient case,AFRIF analysiswith a forgetting factor of 0.9 is incapableof
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Figure 3.23: Synthesizedspeech of /iy/ with 64%OQ.
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Figure 3.24: Synthesizedspeech of /iy/ with 5% OQ.
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Figure 3.25: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ (Figure 3.23) from a synthesizedwaveform (dashed-dotted).
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Figure 3.26: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ (Figure 3.24) from a synthesizedwaveform (dashed-dotted).
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Figure 3.27: 10th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ (Figure 3.23) from a synthesizedwaveform (dashed-dotted).
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Figure 3.28: 10th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ (Figure 3.24) from a synthesizedwaveform (dashed-dotted).
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modeling the glottal openingpulse,asobserved in Figure 3.27. For the speech with

a small open quotient, the estimatesin Figure 3.28are unable to track the smooth

pulseshape but insteadproducea pointed glottal openingpulse. Hencethere could

be problemswhenanalyzingbreathy speakers that often producelargeOQs, or low

pitched speakers that producesmall OQs [31].

High pitchedspeakerspresent a big challengeto speech analysissystems.To test

the AFRIF procedureon high pitched speech, the long vowel /iy/ was synthesized

using an open quotient of 43%, but this time the pitch was doubled, as observed

in Figure 3.29. The resulting glottal signal estimatesusing �lter orders of 10, 14,

sn

discretetime n

Figure 3.29: Synthesizedhigh pitched speech of /iy/.

and 18 are shown in Figures 3.30, 3.31, and 3.32, respectively. The plots reveal
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Figure 3.30: 10th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ (Figure 3.29) from a synthesizedwaveform (dashed-dotted).
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Figure 3.31: 14th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ (Figure 3.29) from a synthesizedwaveform (dashed-dotted).
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Figure 3.32: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/iy/ (Figure 3.29) from a synthesizedwaveform (dashed-dotted).

degradingperformancewith increasinganalysisorder. The estimatesobtainedwhen

a �lter order of 18 wasusedbear little resemblanceto the actual glottal waveform.

This shouldnot be too surprising sinceapproximately 2p = 36 samplesare required

for convergenceof the RLS algorithm, whereasthe entire speech period in this case

lasts only 45 samples.

Sincethe vocal cord operation primarily a�ects the lower frequenciesof speech,

the �rst formant in particular, a crude lowpass�lter applied to the speech prior to

AFRIF analysismay improve glottal waveform extraction by focusingthe spectral

estimation of the adaptive algorithm on the low frequencies.The synthesizedvowels

/ey/ (as in the word say) and /a/ (as in the word pot), shown in Figures 3.33and
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in 3.34respectively, will be analyzedwith and without a lowpass�lter applied.

sn

discretetime n

Figure 3.33: Synthesizedspeech of /ey/.

Glottal waveform estimatesfor /ey/ without prior lowpass�ltering are shown

in Figure 3.35 for 10th order analysesand in Figure 3.36 for 18th order analyses.

The glottal waveform estimatesfor un�ltered /a/ are shown in Figure 3.37for 10th

order analysesand Figure 3.38 for 18th order analyses. Theseglottal waveform

estimatesfor /ey/ and /a/ all exhibit a distorted glottal opening pulse compared

to the synthesized glottal waveform. Applying the crude lowpass �lter H (z) =

1=(1 � 0:95z� 1), resulted in a noticeableimprovement in tracking performanceover

the open glottis pulse. Theseimproved estimatesare given in Figures3.39and 3.40

for the 10th and 18th order analysesof /ey/, respectively. Figure 3.42 shows the
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Figure 3.34: Synthesizedspeech of /a/.
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Figure 3.35: 10th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/ey/ (Figure 3.33) from a synthesizedwaveform (dashed-dotted).

86



gn

discretetime n

Figure 3.36: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/ey/ (Figure 3.33) from a synthesizedwaveform (dashed-dotted).
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Figure 3.37: 10th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/a/ (Figure 3.34) from a synthesizedwaveform (dashed-dotted).
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Figure 3.38: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/a/ (Figure 3.34) from a synthesizedwaveform (dashed-dotted).
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discretetime n

Figure 3.39: Glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of /ey/ (Fig-
ure 3.33) from a synthesizedwaveform (dashed-dotted)applying LPF prior to 10th
order RLS.
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Figure 3.40: Glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of /ey/ (Fig-
ure 3.33) from a synthesizedwaveform (dashed-dotted)applying LPF prior to 18th
order RLS.

improved estimatesfor the 18th order estimatesof /a/. The only exceptionwasthe

10th order casewherethe estimatesof /a/ in Figure 3.41 show little improvement

over thosein Figure 3.37.

89



gn

discretetime n

Figure 3.41: Glottal analysisusing � = 0:8 (solid) and 0.9 (dashed) of /a/ (Fig-
ure 3.34) from a synthesizedwaveform (dashed-dotted)applying LPF prior to 10th
order RLS.

Normally glottal waveform extraction is performed over vowels. The

performance of AFRIF will now be investigated for non-vowel voiced speech.

Figures 3.44 and 3.45 show glottal estimates corresponding to 10th and 18th

order analysis over the synthesized phoneme /r/ shown in Figure 3.43. Note

how the estimates
uctuate over the open glottis interval comparedto the ideal,

rounded pulse shape. The 
uctuations are even greater for the estimateson the

phoneme/l/ in Figure 3.46 as shown for the 10th and 18th order analysesin

Figures 3.47 and 3.48, respectively. For phoneme /n/ (in Figure 3.49), this


uctuation e�ect is so severe that the glottal waveform estimates bear little
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Figure 3.42: Glottal analysisusing � = 0:8 (solid) and 0.9 (dashed) of /a/ (Fig-
ure 3.34) from a synthesizedwaveform (dashed-dotted)applying LPF prior to 18th
order RLS.

resemblanceto the ideal glottal waveform asshown in Figures3.50and 3.51.
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Figure 3.43: Synthesizedspeech of /r/.
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Figure 3.44: 10th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/r/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.45: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/r/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.46: Synthesizedspeech of /l/.
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Figure 3.47: 10th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/l/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.48: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/l/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.49: Synthesizedspeech of /n/.
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Figure 3.50: 10th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/n/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.51: 18th order glottal analysisusing � = 0:8 (solid) and 0.9 (dashed)of
/n/ from a synthesizedwaveform (dashed-dotted).

96



Although many conventional glottal waveform extraction approaches assume

highly controlled recording situations, such as analysis on adult speakers using

special recordingchambersand equipment, the AFRIF procedurehasdemonstrated

that successful glottal waveform modeling can be achieved in more diverse

conditions. AFRIF estimation on vowels from typical speakers was shown to be

quite simple, and someadjustments to the AFRIF analysiswere presented if the

needarosefor somenon-vowel analysisand for moredi�cult speakers. Whereasthis

sectionhassuccessfullydemonstratedthe abilit y of AFRIF to estimatethe classical

glottal waveform from synthetic speech, along with several of its limitations, the

next chapter will demonstratethe AFRIF glottal waveform extraction peformance

on human speech.
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Chapter 4

AFRIF Applications

This chapter demonstratesthe AFRIF speech analysisprocedureon actual human

speech. First the AFRIF procedureis usedfor glottal waveform extraction, then it

is usedfor speaker identit y veri�cation. Generalresults, observations and practical

issuesof AFRIF are presented for both cases.

4.1 Examples of Glottal Signals from AFRIF

This sectiondemonstratesthe glottal signalextraction performanceof the AFRIF

procedure on actual human speech. These glottal signals were extracted from a

subsetof the database,described in the Appendix, madeup of a diversegroup of

male and femaleadults and children. For the analysis in this section, the speech

was downsampledfrom the original 22.050kHz to a new sampling rate of 8 kHz.

Automatic pitch, endpoint, and voiced/unvoiceddetection routines again were not

used in this analysis. The previous chapter revealed slightly faster tracking with

� = 0:8 than with � = 0:9 at the costof occasionaldegradationsin modeling arising
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from noisy analysis results. Hence� = 0:8 was used in the following analysis for

achieving more localized results on the high pitched databasespeech as produced

by the various women and children. The typical speech prediction �lter order of

p = 10 was used,sincehigher ordersdid not reveal any noticable improvements to

the results in Section3.3.

4.1.1 Practical Issues with the AFRIF Pro cedure

The RLS algorithm provides the abilit y to model stationary data as well as

track nonstationary data whosestatistics changeslowly, but requiresapproximately

2p samplesfor re-convergence(where p is the order of the �lter) when sudden

changesto the statistics of the data occur. Glottal excitation is an example of

such a suddennonstationarity for the caseof speech. Acknowledging that sudden

nonstationarities result in large prediction errors and coe�cien t variations

during RLS adaptive �ltering, the location of nc at which to extract the

spectral estimate within each pitch period of AFRIF analysis is chosen around

2p samplespast the maximum value of the residualsignal. There may be instances

when more samplesare required to achieve complete convergence,or when the

nonstationarity doesnot endexactly at the occurrenceof the largest residualvalue.

However, waiting more than 2p samplesmay be too long for high pitched and other

speakers with short closedglottis intervals. Becauseof these challenges,a two-

passAFRIF veri�cation approach wasdevisedto help evaluate the accuracyof the
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spectral estimatesobtainedwith RLS, and thusguidethe choiceof nc. A description

of this processis given as follows.

The veri�cation involves performing a secondAFRIF analysis on synthesized

speech ŝn ,

ŝn = gn +
pX

i =1

anc ;i ŝn� i ; (4.1)

to achieve estimatesf ĝng and ânc of f gng and anc , respectively, which wereobtained

from AFRIF analysis on the original human speech, f sng. Due to the inverse

�ltering capabilities with linear prediction, similar results are expected from the

analysis on the original speech as on the synthesized speech generated after

successive analysis and synthesis operations. Although it will be shown in the

following examplethat this invertibilit y test doesnot provide an indication of the

accuracy of the speci�c vocal tract and glottal signal estimates, it does provide

a useful veri�cation of the estimation performanceof the RLS adaptive �ltering

operation.

Considerthe glottal waveform estimatefor AFGLB, shown in Figure 4.1, which

was obtained by choosing nc at samples4755, 4810, 4860, 4915, 4965 and 5015

corresponding to the six periods displayed. Thesesamplesare between15 and 20

samplespast the largest residualmagnitudevalue in each period which, taken from

Figure 4.2, occur at samples4742, 4793, 4843, 4894, 4947 and 5001. Verifying

the stationarity of the speech and analysisconvergenceat thesesamples,the two-
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pass veri�cation result given as the dotted line shows a similar resemblance to

the actual glottal signal estimate shown as the solid line. Furthermore, the time-

varying pole magnitudesfrom the RLS analysisof the AFRIF procedureplotted in

Figure 4.3illustrate the variation of the adaptive �lter vocal tract estimatesover the

period from sample4755to 4810,and indicate that they arerelatively stationary by

samples4755and 4810. Finally, this is con�rmed in Figure 4.4 which comparesthe

vocal tract estimateat nc = 4755with the other time-varying AR coe�cien ts within

the segment, using a basic Euclidean distancemetric. As observed, the distances

are relatively low in the interval around nc = 4755,and then again at nc = 4810.

gn

discretetime n

Figure 4.1: Glottal analysis for AFGLB of /iy/ (solid) and the veri�cation result
(dashed).

It is noteworthy that, although it appearsthat the RLS estimation has indeed
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Figure 4.2: Prediction error signal for AFGLB of /iy/.

discretetime n

Figure 4.3: The time-varying pole magnitudesfrom AFRIF for speaker AFGLB.
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Figure 4.4: Distancesbetween the vocal tract estimate at nc = 4755and AR pa-
rametersobtained at samples4756to 4805.

convergedand is tracking the data aroundsamples4755,4810,4860,4915and 4965,

the glottal openingpulsesof the signalsshown in Figure 4.5 tend to decreaseaseach

of the chosenlocations,nc, is delayed (wherethe dotted, short dashed,long dashed,

and long dashed-dottedwaveformscorrespond to delays of 1, 2, 3, and 4 samples,

respectively). Delaying the locations by nine resulted in a glottal waveform with

little or no glottal openingpulsesasobserved from the bold plots in Figures4.5and

4.6.

Although it might be arguedthat this particular speech recordproducessmaller

glottal opening pulsesthan others, it is more likely that the location at which each

nc was chosenhas beendelayed past the closedglottis interval and into the open
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Figure 4.5: AFRIF results for AFGLB of /iy/ when nc is delayed.

ĝn
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Figure 4.6: AFRIF veri�cation results for AFGLB of synthesized/iy/ when nc is
delayed.
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glottis interval, thus suppressingthe opening pulse. First of all, by analyzing the

time-varying pole waveformsin Figure 4.3, onecan seethat the largest magnitude

(i.e., dominant) poles, in the interval from sample 4764 (nine samplespast the

original choiceof nc) on through the next 15 samples,are not as large as the other

dominant polesshown in the plot. This implies lower amplitude, wider bandwidth

formants in this region, consistent with the known behavior of glottal opening.

Next observe the AFRIF estimatesin Figure 4.7 which wereobtained while the

vocal tract estimateswereplacedat the �v e samplesprior to 4755,4810,4915,4965

and 5015. As a result of extracting the vocal tract estimatesearlier in the pitch

period, the glottal openingpulseshave generallyincreased(wherethe dotted, short

dashed, long dashed, and long dashed-dottedwaveforms correspond to choosing

each nc 1, 2, 3, and 4 samplesearlier, respectively). It should be noted from the

bold plot that the estimatetaken whennc waschosen5 samplescloserto excitation

(i.e., nc � 5) occasionallyproduceda distorted glottal openingpulse. The occurrence

of such distortions in the glottal waveform estimate during glottal opening was

frequently observed during our analysiswhen nc was chosentoo closeto excitation

so that the RLS analysishad not su�cien tly converged.

Hencea generalobservation is that the glottal opening pulse in the estimated

glottal waveformfrom AFRIF tendsto becomesuppressedwhennc is chosentoward

the center of glottal opening, and severely distorted when nc was chosentoo soon
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Figure 4.7: AFRIF results for AFGLB of /iy/ when nc is set closerto excitation.

after excitation. Another observation is that the inverse�lter veri�cation did not

actually help in determining whether nc was within the glottal interval or during

glottal opening sincethe RLS algorithm wasable to track the statistics of the data

in both cases.However, it wasvaluablein determining if nc, the location within the

speech record at which the vocal tract estimate was obtained, was too soon after

excitation, prior to convergence.

Finally, Figure 4.8showsthe resulting glottal estimatesif nc is chosensothat the

vocal tract estimation falls in and around the glottal closurephase.Thesebearlittle

resemblance to the glottal waveform estimate obtained in Figure 4.1. Figure 4.3

revealedthat the polesof the estimateat sample4785are either outsideof, or very
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closeto, the unit circle comparedto the pole radii during the closedglottis and

glottal openingintervals, accounting for the dramatic di�erencesbetweenFigure 4.8

and Figures 4.1, 4.5, and 4.7. Figure 4.4 showed that the distancebetweennc and

the other time-varying AR coe�cien ts within the speech period gradually increased

over the glottal opening phaseuntil the glottal closureinterval was reached, where

the distancedramatically increased(to a distanceover 25, not shown on the plot).

The distance thereafter approached zero again while reaching the closed glottis

interval of the next segment.
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Figure 4.8: AFRIF results for AFGLB of /iy/ when nc is chosenduring glottal
closures.

4.1.2 AFRIF Glottal Waveform Observ ations

Now that the major issues for successfulAFRIF analysis performance are
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understood, this sectionpresents several glottal waveform estimatesanalyzedfrom

speech provided by various speakers. Locations nc are determined using the

prediction error signal and two-pass veri�cation process presented in the

previous section. The prediction error signals from each analysis have been

inserteddisplaying the locations chosenfor nc. It will be observed from the glottal

signals in the previous section and those to be presented in this section, that the

generalglottal signal characteristics are quite universal for this yet diverseset of

speakers, and resemble the common di�erential glottal waveform (as was used in

the speech synthesissystemfor the analysisin Section3.3).

Typically, the most distinctive event in these signals is produced at glottal

excitation when the glottis 
aps shut and causesthe vibrations that produce the

voiced sound waves. In the glottal signal plots, this event produces the sharp

negative slopes that show up in the waveforms. For examplethe interval between

sample8000to 8010in Figure 4.9 contains oneof the glottal closureevents for the

phoneme/iy/ spoken by AFMES. Becauseof its distinctiveness,the sharp glottal

excitation dip can be usedto help identify each pitch period.

The relatively 
at interval that follows the glottal closureinterval is the closed

glottis interval. Recall from Section3.1 that a glottal signal with a constant value

of unity over the closedglottis interval, where anc was selected,implies that the

formants are stationary. Sincethe previously mentioned glottal closurephasefor
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Figure 4.9: Glottal analysisfor AFMES of /iy/.
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Figure 4.10: Glottal analysisfor AFMES of /u w/.
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AFMES in Figure 4.9 ended around sample 8010, the closedglottis interval for

this speech segment extendsapproximately from sample8010to 8027. Finally, the

glottal opening interval follows the closedglottis interval and generally contains

the peak (i.e., the maximum value) within each period of the glottal waveform,

thus spanning from approximately sample 8028 to 8032 in Figure 4.9. Similar

glottal signal features,but somewhatnoisier, are obtained when the samespeaker

producesthe phoneme/u w/ asshown in Figure 4.10. The noisycharacteristicmight

beattributed to breathier speech, which whensimulated and analyzedin Section3.3

producedsimilar results. Also notice how the prediction error signal from /u w/ in

Figure 4.12tends to be slightly lessregular than that for /iy/ in Figure 4.11whose

excitation peakstend to be a lot more distinct.
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Figure 4.11: Prediction error signal for AFMES of /iy/.

Figures4.13and4.14and4.17and4.18show very similar AFRIF analysisresults

for /u w/ and /iy/ (respectively) spoken by SMLLV; perhaps the highest pitched

adult male speaker analyzed(attributing to the relatively short pitch period).
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Figure 4.12: Prediction error signal for AFMES of /u w/.

The analysis for perhaps the highest pitched speaker in the entire database,

CFKGB, also resulted in somewhatsimilar results as can be seenin Figures 4.15

through 4.20. The most uniquecharacteristic of the glottal signalsfrom CFKGB in

comparisonto the others analyzedis the shallowness(and sometimesabsence)of

the typically deepglottal closuredip. Rather than a characteristic of this speaker's

glottal waveform, however, the shallow glottal closure depth is a result of the

di�cult y in tracking the glottal characteristicsof high pitchedspeakers. Figure 4.21

shows that a deeper closuredip is obtained when the analysisis performedon the

speech at the original sampling rate of 22.050kHz (i.e., before the decimation).

With more than twice as many samplesavailable, the adaptive �lter is able to

better track the glottal characteristicsat the cost of a higher computational cost.

Although the general characteristics of the glottal signals tend to be

universal for this diverseset of speakers, somedistinctive di�erences between the

glottal signalsare apparent. Perhapsthe glottal waveformsthat deviate from the
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Figure 4.13: Glottal analysisfor SMLLV of /u w/.
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Figure 4.14: Glottal analysisfor SMLLV of /iy/.
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Figure 4.15: Glottal analysisfor CFKGB of /u w/.
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Figure 4.16: Glottal analysisfor CFKGB of /iy/.
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Figure 4.17: Prediction error signal for SMLLV of /u w/.
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Figure 4.18: Prediction error signal for SMLLV of /iy/.

en

discretetime n

Figure 4.19: Prediction error signal for CFKGB of /u w/.
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Figure 4.20: Prediction error signal for CFKGB of /iy/.
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Figure 4.21: Glottal analysisfor CFKGB of /iy/ sampledat 22.050kHz.
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standard glottal waveform the most are extracted from speaker SMWES in

Figures 4.22 and 4.23. Rather than containing the single glottal opening pulse,

thesewaveformsappear to contain two pulses.Glottal cyclesthat contain multiple

openglottis phasesare commonfor malespeakersand areassociated with the vocal

fry register [6].

While a comparison between the glottal waveforms for SMWES with the

standard glottal waveform demonstrateshow glottal waveforms can vary widely

amongst speakers, it is not uncommon for a speaker to vary their own glottal

waveform as well. In fact, Figures 4.24 and 4.25 reveal that speaker AMDCM

sometimesproducesa glottal waveform with a singleopen glottis pulse,and other

times produces a glottal waveform with two open glottis pulses. This is a

common behavior referred to as diplophonic double-pulsing, where speakers that

generally have a normal voice quality occasionally produce multiple excitations,

particularly at the ends of utterances [31]. Figure 4.24 shows how a new pulse

gradually developsjust after the main pulse in each glottal cycle. This secondary

glottal opening pulse can becomequite large, as it was for SMWES, hence the

glottal signal can changesubstantially for speakers such as AMDCM.

Another speech register that results in irregular glottal waveforms relates to

weak voicing associated with speech breathiness. The breathy, nasal speech of

AMGLS producedthe glottal waveform in Figure 4.30. Although the inverse�lter
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veri�cation results do not reveal problemswith the speech modeling performance,

the glottal waveform bearslittle resemblance to the typical glottal waveform. The

prediction-error signal in Figure 4.32con�rms a higher level of randomnessand less

pronounciation of excitation comparedto other prediction-error signalssuch as the

oneshown in Figure 4.33from the analysison speech from the samespeaker. Hence

this register can also be controlled by certain speakers, as con�rmed by the much

more regular glottal signal shown in 4.31 for AMGLS on /iy/.
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Figure 4.22: Glottal analysisfor SMWES of /u w/.

Several visual comparisons have been made between the glottal waveform

estimatesgiven sofar in this section. Particularly, it hasbeeninteresting observing

how much each of the speaker's glottal waveform characteristicsdi�er betweenthe

utterances /iy/ and /u w/ (intra-speaker), and how they compareto those of the
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Figure 4.23: Glottal analysisfor SMWES of /iy/.
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Figure 4.24: Glottal analysisfor AMDCM of /u w/.
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Figure 4.25: Glottal analysisfor AMDCM of /iy/.
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Figure 4.26: Prediction error signal for SMWES of /u w/.
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Figure 4.27: Prediction error signal for SMWES of /iy/.
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Figure 4.28: Prediction error signal for AMDCM of /u w/.
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Figure 4.29: Prediction error signal for AMDCM of /iy/.
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Figure 4.30: Glottal analysisfor AMGLS of /u w/.

120



gn

discretetime n

Figure 4.31: Glottal analysisfor AMGLS of /iy/.
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Figure 4.32: Prediction error signal for AMGLS of /u w/.
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Figure 4.33: Prediction error signal for AMGLS of /iy/.
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other speakers (inter-speaker). Now the Euclideandistance,

E =
1
N

N � 1X

n=0

jg1;n � g2;n j2; (4.2)

will be usedto compareeach of the glottal waveform estimates,say g1;n and g2;n ,

over N samples. The time axesover the N samplesof the two glottal waveforms

are shifted so that n = 0 corresponds to a particular glottal closure sample nc

for each glottal waveform. N corresponds to the length of the shorter of the two

glottal waveformsbeing compared.For example,samples4750through 5050of the

glottal waveform estimate in Figure 4.1 were comparedto samples6450to 6750in

Figure 4.34.

A visual comparisonbetweenthe AFRIF resultsfor AFGLB on phoneme/u w/ in

Figures4.34and4.35andphoneme/iy/ in Figures4.1and4.2revealssomenoticable

di�erences,particularly the suppressedglottal openingpulsesin Figure 4.34relative

to thoseobserved in Figure 4.1. Using the Euclideandistance,asgiven in Table4.1,

a distanceof 3:83504(10)� 6 wasobtained. However in relation, comparingthe glottal

waveform estimates for AFGLB to the glottal waveform estimates given in this

section from the other speakers resulted in an averagedistance of 1:06208(10)� 5.

The individual intra-speaker and inter-speaker comparisonsfor the seven speakers

are broken down in Table 4.1. Other than for CFKGB, the inter-speaker distances

alwaysexceedthe intra-speaker distances.Such a condition is consistent with speech

features that are speaker dependent and vocabulary independent. Next, a more

122



accuratemeasureof the inter-speaker and intra-speaker di�erences of the AFRIF

results is pursuedusingan automatedspeaker identit y veri�cation (SIV) systemon

a much larger set of data.
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Figure 4.34: Glottal analysisfor AFGLB of /u w/.
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Figure 4.35: Prediction error signal for AFGLB of /u w/.
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Table 4.1: Distancesbetweenglottal waveform estimates.

Subject intra-speaker inter-speaker
AMDCM 3:332345(10)� 7 1:1428976(10)� 5

AFGLB 3:835039(10)� 6 1:0620845(10)� 5

AMGLS 2:142848(10)� 4 2:6148799(10)� 4

CFKGB 5:551650(10)� 4 2:8874504(10)� 4

SMLLV 1:976583(10)� 4 2:4161379(10)� 4

AFMES 4:073955(10)� 4 4:4060557(10)� 4

SMWES 1:670166(10)� 8 1:1255984(10)� 5

4.2 A Simple SIV Example Using AFRIF

A simple speaker identit y veri�cation (SIV) system was used to evaluate the

proposed AFRIF approach, and the e�ectivenessof the features it extracts, at

characterizing or distinguishing speakers. The database used in the test was

collected from a diverse group of male and female adults and children (refer to

the Appendix), and provided a wide variation of pitch. The speech was sampled

at 8 kHz and the analysis frames were set up so that a single set of coe�cien ts

(within the �rst detectedclosedglottis interval) wascollectedevery 30ms. The SIV

approach assumedvocabulary dependenceso that, given either the vocal tract or

vocal cord features,always two di�erent recordingsof the sameword are compared.

For the caseof the vocal tract model prediction coe�cien ts, two recordingsof

a word (spoken by the sameor di�erent speakers) were comparedby converting

them to cepstral coe�cien ts and using the inversevariance approach explained in

Section2.5.1for obtaining the weighted Euclideandistance. Due to its availabilit y,
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DTW was used for evaluating the e�ectiveness of the features at

characterizing speakers. A justi�cation for choosing this matching technique is

that it has been found to yield similar SIV accuracy as HMM approaches for

short veri�cation utteranceswhen training data is limited [52]. Sincewe claimed

that the AFRIF procedureis better at tracking transitions, and the focus of this

investigation involves extracting all speaker-dependent information, a more

appropriate alignment approach would be one that could better model speaker-

dependent transitional information.

For the case of the vocal cord features, the actual glottal signal values

derived from AFRIF are usedin the veri�cation. Instead of using the entire glottal

signal, a segment of the glottal signal is chosen that provides a good

representation of a typical period (or more) of the glottal signal, thus reducing

storage and computations while screeningout portions of the glottal signal that

might contain artifacts that distort the glottal events (such as channel noisesor

vocal obstructions like mucous). The procedure used to �nd this representativ e

glottal waveform segment always keepstwo candidatesegments, say gA;n and gB ;n ;

initially choosingthe �rst two glottal waveform periodsextracted by AFRIF. When

the next period of the glottal waveform hasbeenextracted, say gC;n , it is compared

to gA;n , resulting in a distancedA;C , and gB ;n , resulting in a distancedB ;C . The new

segment gC;n is kept as the new glottal signal candidateif dA;C is smaller than dB ;C
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and dA;B (in which casegC;n becomesthe new candidate gB ;n ) or dB ;C is smaller

than dA;B and dA;C (in which casegC;n becomesthe new candidate gA;n ). This

procedure continues until all periods have been compared to at least one other

period, at which point one of the two �nal candidates, gA;n or gB ;n , is chosen

as the representativ e glottal waveform segment. The time-domain glottal signal

comparisonsin this procedureusedthe inversevarianceweighting for the Euclidean

distance.

Recall that the proposedanalysisapproach requiressomeform of pitch detection

in order to locatethe closed-glottisinterval. In real-time speech processingsystems,

automatic pitch detection routines are required. An automated implementation of

the AFRIF procedurewas used in this experiment that identi�es one or more of

the obvious time-domain glottal events within a 30 ms analysisframe basedon the

logic presented in Section2.5.4. Hence,the glottal events that the featureextraction

routine looks for are the main glottal opening and closingintervals. The extracted

glottal signal,which in Section3.3wasshown to correspond to the di�erential glottal

waveform, is used to locate the glottal opening interval by identifying the glottal

opening pulse. The glottal closing interval is located by identifying the typically

sharp dip in the estimateddi�erential glottal waveform as seenin Figure 3.4. The

prediction error signal is alsousedto assistin the identi�cation of the glottal closure

interval. The inverse �lter, Anc(z), is henceupdated every frame with the new
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prediction coe�cien ts.

Since the AFRIF procedure assumesthat the speech input is voiced, an

automated preprocessingroutine is used that determines if the current frame

consists of voiced or unvoiced speech. If the decision is \un voiced", standard

LPC analysis is performed to obtain the vocal tract model prediction vector, but

the glottal signal computation is bypassedaltogether. The criterion used in the

voiced/unvoiced/silencedetection routine is quite standard [22], and the speci�c

implementation used in this experiment follows that described in [3]. The main

criterion is speech energy which, if large enough for a particular speech frame,

results in a voicedclassi�cation. If a speech frame doesnot contain quite as much

energy, but the number of zerocrossingsis low, as is the ratio of the energyin the

prediction error signal frame to the speech energy, then the speech frame is also

classi�ed as being voiced. A speech frame that has been classi�ed as voiced can

be reclassi�ed as unvoiced if the glottal event detection routine is unable to locate

excitations within the speech frame.

The SIV system that incorporated the AFRIF procedure achieved an equal-

error rate (EER) of 20%. As a reference,the SIV experiment was performedwith

a conventional linear predictive analysisalgorithm (as described in [59]) resulting

in an equal-errorrate of 18%. Table 4.2 gives the resulting EER for each speaker.

The third column in Table 4.2 gives the equal-error rate for each speaker using
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only the vocal tract AR parameters,anc (EER anc ). The fourth column shows the

equal-error rate when the glottal signal is also used in the veri�cation (EER anc

& G). For 21 of the 29 speakers, the glottal signal improved the equal-error rate

as much as 2.28%,but degradedthe equal-errorrate by almost 14%for oneof the

8 speakers whoseglottal signal did not help to identify them. Hencethe glottal

signal contains useful speaker information for somespeakers, but not for others.

Breathy speakers correspond to an obvious casewhere the glottal information is

very weak or nonexistent. In the latter case,it does not make senseto attempt

to extract and useany glottal information, becausethe parametersare likely to be

noisy. So in SIV, such noisy parameterscan even degradeperformanceasobserved

with this database.One possiblesolution would be to determinesuch speakersand

useonly the AR parameters.So in Table 4.2, the featuresthat producedthe lower

EER between the third and fourth columns would be used in the veri�cation for

each speaker. This new approach improves the EER only slightly, to 19.55%,but

by almost 14%for breathy speaker AMSLH. As observed in Section4.1.2,speakers

commonlyvary speech characteristicssuch asbreathiness,thereforemore extensive

training may be required to determinethe typical breathinessof the speakers.

A related drawback to the real-time AFRIF systemwas the needfor automatic

pitch detection,which is known to be a di�cult problem that requiressophisticated

logic, asdiscussedin Section2.5.4. Again, breathy speakerspresent a challengefor
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pitch detection as well, as their weak voicing fails to produce the distinct glottal

events usedin standard pitch detection routines. As a result of not being able to

precisely locate the closed-glottis intervals for breathy, high pitched, and other

speakers with short (or inconsistent) closed-glottis intervals, inaccurate glottal

waveforms, as compared to those obtained in Section 4.1 using manual pitch

detection, were often observed. As shown in Section 4.1.2, more accurate

glottal waveformscanbeachieved for high pitchedspeakersby analyzingthe speech

when sampled at higher rates. Using glottal waveforms obtained from AFRIF

estimation on speech from high pitched speaker CFKGB sampledat 22.050kHz

improved EER by 3.69%. Other notable improvements of 2.73%and 3.44%were

achieved using the higher sampling rate for speakers TMMCM and CMRWT,

respectively. As observed in the last column of Table 4.2, although the EER for

most of the speakers actually degradedusing the speech sampledat 22.05kHz (re-

sulting in an overall EER of 23%), improvements in pitch detection are expectedto

further improve the EER for breathy and other speakerswith irregular closed-glottis

intervals.
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Table 4.2: Individual AFRIF SIV EER scoreswith and without glottal features.

Subject Description EER anc EER anc & G EER 22.05kHz
AMBBH adult male 11.22 15.99 22.01
AFBJL adult female 8.42 9.49 15.56
SMBNM seniormale 10.40 10.08 14.94
CMBSB child male 18.03 19.08 19.15
CMBSS child male 32.71 32.81 39.33
TFCAH teen female 16.97 16.76 27.17
AMDCM adult male 12.24 11.00 15.06
TMDNH teen male 11.78 10.86 12.52
AFGLB adult female 13.56 11.87 13.74
AMGLS adult male 20.44 19.23 23.4
CFJLG child female 15.04 22.98 25.81
TMJMM teen male 20.65 18.95 19.68
CMJTA child male 25.28 23.59 24.31
CFKGB child female 24.9 23.09 19.4
CFKDT child female 17.61 16.2 15.74
CMKNS child male 17.83 16.7 14.87
CMKWA child male 31.28 29.86 28.77
SMLLV seniormale 14.84 13.91 19.9
CMLRS child male 35.42 33.14 35.17
SFMBM senior female 22.82 21.04 28.26
TMMCM teen male 46.43 47.15 44.42
AFMES adult female 9.94 9.51 6.93
CMNEK child male 29.47 28.54 28.94
CMPDS child male 14.52 14.15 20.13
CMRSH child male 18.58 17.58 23.66
CMRWT child male 43.01 42.15 38.71
AMSLH adult male 20.01 33.99 33.91
TFTKK teen female 19.18 18.55 21.63
SMWES seniormale 8.45 8.67 21.21
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Chapter 5

Summary

The AFRIF (Adaptiv e Forced ResponseInverseFiltering) procedurehas been

proposedasan approach for extracting vocal tract and vocal cord information from

a speech signal. In the AFRIF procedure,the vocal tract information is represented

by autoregressive (AR) coe�cien ts as in classicalLPC analysis,and the vocal cord

information is represented by an estimate of the classicalglottal waveform. Unlike

in speech processingsystemscurrently usedto extract this information however, an

adaptive �lter is used in the AFRIF procedureto derive the AR coe�cien ts, and

the glottal signal is extracted from the time-varying coe�cien ts rather than from

the prediction residual.

Although the approach alsoextracts a singlevector of autoregressive coe�cien ts

per frame to model the vocal tract, unlike standard LPC analysis,AR coe�cien ts

are computed at every sample,and the vocal tract estimate is taken from within

the closedglottis interval. To model the vocal cord behavior, the proposedsystem
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computesa glottal signal which is obtained by initially computing the unit step

responsethrough the time-varying �lter, and by then �ltering it through the time-

invariant inverse�lter de�ned by the autoregressive coe�cien ts that represent the

vocal tract for the respective frame. In e�ect, the AFRIF proceduretakesadvantage

of the fast convergencepropertiesof adaptive �ltering to model the nonstationarities

due to the vocal tract as well as the rapidly time-varying vocal cord behavior.

The AFRIF procedurewas evaluated by estimating the glottal waveform from

speech generated by a formant synthesizer, and was able to closely model the

input glottal waveform. Glottal signals extracted from the speech of several

speakerswerealsoanalyzed. The speech modeling performancewasveri�ed in this

caseby performing AFRIF analysison speech that wassynthesizedusingthe glottal

waveform and vocal tract estimates obtained in an initial AFRIF

analysisperformed on the original human speech. Glottal waveform estimateson

the synthesizedspeech were achieved that closelymatched those from the original

humanspeech. Although many conventional glottal waveformextraction approaches

assumehighly controlled recording sessions,the AFRIF procedure demonstrated

that successfulglottal waveform modeling can be achieved in more natural

conditions without the need for special rooms, recording equipment, or manual

analysis intervention. Hence, the AFRIF procedure was shown to be a valuable

candidate for glottal waveform modeling. Finally, the e�ectivenessof the features,
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extractedby the proposedprocedure,at distinguishingspeakerswasevaluatedusing

a simple speaker identit y veri�cation approach, and was found to yield reasonable

performance,comparableto that achieved with standard autocorrelation analysis.
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App endix

For the analysisof the AFRIF procedure,a speech databasewascollectedfrom

a church congregationin Camarillo, California, and contains speech samplesfrom

a diversegroup of speakers born and raised in various regionsacrossthe United

States. The subjects consistedof 13 boys aged4 to 16, 5 girls aged7 to 17, 7 men

aged38 to 82, and 4 womenaged28 to 75 yearsof age. Each subject is categorized

(and labeled) according to their ageand sex as either a senior male (SM), senior

female(SF) (for thoseages65 and over), adult male (AM), adult female(AF) (for

thoseages20 to 64), teenagemale (TM), teenagefemale(TF) (for thoseages13 to

19), male child (CM) or femalechild (CF) (for thoseunder 13 yearsof age).

The vocabulary usedfor this databaseis given in Table 5.1. It is a subsetof the

phonetically diversewords usedby Velius [59]. Thesewords wererecited by a given

subject onceper session.Subjects took part in ten recording sessions.Collection

occurredover a six month period.

rich shoes home full wheat egg dove toy three nine
zero two �v e one eight six clear oh seven four

Figure 5.1: Databasevocabulary.
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Recordingswere performed in a quiet room, with a 16 bit sound card, at a

sampling rate of 22.05kHz. The digital recordingswere scaledand decimatedto 8

kHz using four multirate FIR �lter stageswith resamplingfactors of 2=3, 4=3, 5=7

and 4=7. Automatic endpoint detection was performed on the decimatedspeech,

removing most of the nonspeech sectionsfrom the recordings. The parametersof

this endpoint detection routine (documented in [3]) wereset conservatively to avoid

the removal of speech. The endpoint detectedspeech wasusedasthe input data to

the analysisalgorithm.
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