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Investigating Spealer Features
From Very Short Speed Records

Brian L. Berg

(ABSTRACT)

A procedureis presetted that is capableof extracting various spealer features,
and is of particular value for analyzing recordscortaining singlewords and shorter
segmets of speed. By taking advantage of the fast corvergenceproperties of
adaptive ltering, the approad 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
closed glottis interval and usesit to obtain a time-domain glottal signal. This
procedure is quite simple, requires minimal manual intervertion (in casesof
inadequate pitch detection), and is particularly unique becauseit derives both
the vocal tract and glottal signal estimatesdirectly from the time-varying Iter
coe cien ts rather than from the prediction error signal. Using this procedure,
seweral glottal signals are derived from human and syrthesized speet and are
analyzedto demonstratethe glottal waveform modeling performanceand kind of
glottal characteristicsobtained therewith. Finally, the procedureis evaluated using
automatic spealer idertity veri cation.
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Chapter 1

In tro duction

Features found within short speet records are particularly important for
modeling the characteristics of a speaker's voice, in cortrast to longer term
vocabulary features. Sud spealer features are valuable in applications sud as
speet coding and syrthesis. In general,thesespealer featuresare both behavioral
and inherert. Inherert (or anatomical) featuresdepend upon the anatomy of the
vocal cord and vocal tract (i.e., air passagesbove the vocal cords). The vocal tract
anatormy refersto the size and shape of the vocal tract and is determined by the
word being spoken (which is a function of mouth and tongue position) and to some
degreethe sex, size,and ageof the speaker. Formarts (i.e. speet resonancespre
commonfeaturesusedto de ne the vocal tract. The vocal cord anatomy determines
the pitch, breathiness,and vocal register (e.g. creakiness)f the speaker. Examples
of behavioral featuresare dialect and voice expressienessand theserelate to the

longer-term dynamics of the spealer's vocal tract (particularly, the movemen of



the tongue and jaw) and vocal cords.

Various approades have been used to extract these spealer features. The
most popular speed analysisalgorithms uselinear predictive analysis(sud asthe
Auto correlation or Covariance techniques [10]) to extract formants as they vary
over time. The vocal cord features remain within the residual signal, which is
essetially the prediction error of the analysisalgorithm. Speet coding schhemes
have parameterizedthis information in various ways; popular approadesinclude
regular pulse excited linear prediction and code excited linear prediction [2].

In pursuit of more accuratespeed models, researbersin speed synthesishave
deweloped an analysisapproad calledglottal inverse ltering [22,6]. This approat
usesshorter linear prediction analysisframes,certered over a speci ¢ regionwithin
ead pitch period to minimize inaccuraciedueto speet nonstationarities. Basedon
this accuratelinear prediction model, a residual signalis computedthat represets
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 Itering techniques[26 and hasbeenfound consistem therewith.
It hasalsobeenadopted as the sourcesignal for popular speet syrthesis systems
known asformant synthesizers[31, 24].

Spealer featuresexisting in short speet records, of word length and less, are

investigated and an analysis algorithm is presened that accurately extracts and



e cien tly modelsthe featureswithout requiring manual intervertion. The proposed
procedureis basedon standard adaptive (i.e. recursiw) 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. These processingblocks are quite commontoday. Furthermore, simple
detectionroutines (v/uv, endpoint, and pitch) areadequatefor successfubperation.
Speet records from sewral spealers are analyzed demonstrating the
performance as well as corvenience of this method for analyzing ne speed
detail. Sud speet detail includesthe vocal cord dynamicsthat produceead pitch
period, asthe analysismethod is shovn to be ableto model the classicaldi erential
glottal waveform. An exampleof how this procedurecan be usedsuccessfullyfor

spealer identity veri cation is alsoshaowvn.



Chapter 2

Speech Pro cessing Concepts

This chapter discussesconceptsupon which many of today's popular speet
processingsystemsare based. Section 2.1 provides a short introduction to basic
speet physiology Next, in Section2.2, somespeed processingapplications that
are popular today are preseied. Then Section 2.3 discusseshe standard LPC
analysisapproad as usedin most current speet analysis systemsfor extracting
vocal tract speed characteristics. Glottal inverse ltering is then introduced in
Section2.4to demonstratean approad for extending basicLPC analysisto obtain
a model of the vocal cord operation. Finally, in Section2.5, commonapproadesfor
mathematically evaluating speed features, as computed by these speet analysis

algorithms, are discussed.

2.1 Speech Pro duction

The physiologyof the human vocal apparatusis well understood and soit is often

corvenien to relate the featuresextracted from the speed signalanalysisalgorithm
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with the known characteristics of the vocal medanism. This section givesonly a
simple overview of the speeth medanics, and so a textbook that specializesin
speet production should be referredto for more detail [33, 13, 41, 46).

The physical systemsthat are responsible for producing the spee& waveform
are the vocal cords and vocal tract. Voiced soundsare produced by the vibrating
vocal cordswhich ap openand shut (correspnding 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 shaped pulse,
whereagthe closedglottis generallycorrespndsto an interval of approximately zero
excitation. The main vocal cord excitation occurs when the glottis suddenly aps
shut at the end of the open glottis interval. The resulting waveformis known asthe
glottal volume-\elocity waveform g(t) (or simply, glottal waveform) [45]. Figure 2.1
shows oneperiod of a typical glottal waveform pattern. The pitch period is denoted
asTo. The openingtime T, correspndsto the interval of the pulsewith a positive
slope, and the closingtime T, is the interval of the pulsewith a negative slope. Since
it is quite commonto specify the relative glottal waveform intervals, the following

variablesare introduced

+
og= et 2.1)
To
and
- TIO
SQ= T (2.2)



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

another commonterm referredto asthe fundamertal frequencywhich is

1
Fo= —: 2.
0= 1 (23)

The value A is commonlyreferredto asthe amplitude of voicing.

[¢2)

g(t)

6|

Tp — T, —

To =

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
resonancesalledformants, lters the glottal excitation soasto producethe desired

6



speed.

The study of human speetr comnunication falls into the eld known as
linguistics. Accordingto linguistics, the fundamenal speed unit that makesup our
vocabulary of speet soundsis referredto asa phoneme. Another popular speet
unit in speet processing applications is the diphone which is the
segmenh 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 speeth phonemeand is determined by the vocal tract shape. Spealers
cortrol the vocal tract shape by positioning the tongue and jaw. Besidesits
vocabulary dependence, the vocal tract is spealer-dependent as well.  For
example,di erencesin dialect may be captured by comparingthe way two spealers
pronouncethe samevowel, or changethe shape of the vocal tract whenpronouncing
a diphthong asin the word \I". More inherert spealer featuresincorporated in the
vocal tract would be the overall size, static shape, unique vocal obstructions, and
even dertal work.

In order to add speed expressionand character, speakers may alter their
vocal cord vibration patterns (i.e. glottal waveform) by changing pitch or intensity
of vibration. The latter are the two primary characteristics of the vocal cord
operation which the spealer is able to cortrol, and are accomplished by

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



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

the vocal cords are essetially una ected by factors that determine vocabulary
(assuming voiced speet). Howewer, some pitch variations have been showvn to

occur with speci ¢ vowels [56]. Despite thesesourcesof variation to the vocal cord
characteristics,studiesbasedon speet during normal discoursehave obsenedinter-
spealer variations to be more signi cant than intra-spealer variations [26, 36, 48].
Hence,physical characteristicssut asvocal cord size,are the primary factors that

in uence the shape of the glottal signal. In fact, the common vocal registers{the
modal (or normal) register, falsetto register (often assaiated with high pitched
speet), breathy register, harshnessregister, and vocal fry (or creak){have been
assaiated with di erent vocal cord lengths and thicknessed58, 8, 23]. There are
di erent voice qualities within thesemain registersaswell. So, although a spealer
may be ableto alter his or her voiceregister,in normal discourseit is possible(and
guite common)to generalizethe overall voice quality of a spealer [6] to a particular
vocal register.

A common assumption for the speedt medanism is that the vocal tract and
the excitation are independen of ead other so that the operation of the vocal
cordsdoesnot a ect the acousticalproperties of the vocal tract. Many synthesizers
now used operate under this assumption. Howewer, it is now known that during

glottal opening,the vocal tract propertiesbecomecoupledwith the propertiesof the



systembelow the glottis resulting in a slight variation of the resonancesparticularly
at low frequencies. This source-tract interaction is intelligible and many speet

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

2.2 Speech Pro cessing Applications

Digital speet processings usedin seeral popular applicationstoday including
speet coding, speet synthesis, and speet/sp ealer recognition. Here an overview
of thesepopular applicationsis given and it is shavn that, although the objectives
of eat of theseapplications may seemvery di erent, the speet analysisapproat
usedis quite universal. This universal approad is commonly basedon parametric
signal modeling techniques.

Parametric signal modeling is perhapsthe most important aspect of speed
analysisin current speed processingapplications. One of the main objectives
of signal modeling is to reducethe amourt of information neededto represen a
signal with a certain degreeof accuracy Hencein speet analysis,a good signal
modeling routine removes all information that does not improve the accuracy of
the particular speed processingapplication. The most commoninformation that
getsdiscardedin speet processingsystemsrelatesto the redundancyof the speet
signal.  Another example of information to discard would be that which
characterizesa particular spealer for applicationsusing spealer-independen speet

recognition systems. This sectiondiscussesomeof thesebasicoperating principles
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of popular speed processingapplications, sud as the signal modeling goals and

how the accuracyof the model is measuredfor the particular application.

2.2.1 Speech Synthesis

The speed processingapplication that cornverts text to a speet signalis known
as speet synthesis. A commonimplemertation is illustrated in the block diagram
in Figure 2.2. Basically the system rst analyzesthe text within the linguistic
processorand determinesthe speet units, from the pronunciation dictionary, that
provide an appropriate represetation of the input speed. The speet unit coder
then loadsthe respective speed parametersfrom the speet unit dictionary. The
speet units are then generatedwith a natural soundingprosady (speed)and pitch
and are concatenatedto producethe ertire speet represetation 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 speet unit dictionary
and how to usethem to generatespeed.

The contents of the speed unit dictionary mertioned above varies between
speet syrthesis systems,and dependsupon the assumedspeett model. One very
popular system usesan excitation sequencewhich drives a time-varying lter to
model the various speet sounds. Sud a speet syrthesis system is shown in
Figure 2.3. The voiced/unvoiced input represets a decisionconcerningwhether

to produce a voiced sound, by making f p,g a train of scaledunit pulseswith an
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Figure 2.2: Block diagram of a speet syrthesis system.

appropriate pitch period, or to produce an unvoiced sound, sud as\sh," by using
discrete white noise. The coe cien ts of the syrthesis lter, A(z), represen the
physical e ects of the vocal tract. Theseparametersare typically updated every 10
to 25 ms correspnding to the duration of a typical phoneme.

One important benet of this signal modeling approacy for speet
processing,demonstrated in this application, is that the number of parameters
neededto implemert the above speet synthesis systemis typically much lessthan
the number of data points in the block. The excitation sequencemay not ewen
needto be stored, sucd aswhenan \equivalert" sequencas generatedasa random

uncorrelated sequences, = w,, for an unvoiced block and a pulse train for the
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Figure 2.3: A typical speet syrthesis system.

voicedblock, e, = p,. 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. Howewer, compressing
the excitation sequenceo this extert a ects the speet accuracyas this model is
known to generatemedanical sounding speet [44]. Hence,for a more accurate
reproduction, the parameters,aswell asthe ertire error sequencemay needto be
stored. Even so, compressioris still accomplishedsincethe uncorrelatedsequences
fw,g and f p,g have a smaller dynamic range than the data sequencdy,g, thus

requiring fewer bits for represemation.

2.2.2 Controlling Speech Rate, Pitc h, and Spectrum

Some speet syrthesis systemsprovide the ability to adjust the speet and
spealer characteristics of the synthesized speet{to change the speet prosady
(speed), pitch, or ewen choose between a male voice and a female voice. The
latter could be implemented by storing speet templatesfor se\eral di erent types

of spealers. Howewer somespeet systemshave devisedrules on how to change
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given parametersto produce certain speed characteristics providing the following

additional advantages:

It is possibleto transform speet recordedby a referencespealer into a more
desirable target speet, eliminating the need to record and store
additional dictionaries. For example,one can corvert speed recordedfrom a

male spealer to femaleor child-like speet (and vice versa).

For peoplewith hearinglossat a certain frequencyrange, it is adverntagous

to be able to shift the pitch of the syrthesizedspeed.

Being able to cortrol the speet rate without altering the pitch and spectrum
can be usefulwhen one has a lot of information to listen to, and wishesto
speedit up during the lessimportant speet and slow it down for that of most

interest.

Early syrthesis systemshave allowed pitch-scaleand time-scale modi cations
for the syrthesis of more natural soundingspeet. Thesemaodi cations have been
performedin the time and frequencydomains, as well as with parametric lters.
Figure 2.4 shavs how thesepatrticular synthesizersewlved and their references.

One of the rst of these syrnthesis systemswas the phasevocoder. The phase
vocoder is an analysis-sythesis system which usesparametersthat descrike the

short-time Fourier transforms of a signal. This system becamefeasiblewhen the
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Figure 2.4: Evolution of synthesis systemsthat allow prosady and pitch scaling.
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fast Fourier transform was applied to the problem [49]. This short-time Fourier
transform approad was eventually enhanced,enabling modi cations to be made
to the excitation and/or the spectrum of a speed signal [55, 17]. Phasevocoder
algorithms werelater extendedto handlememorye cien t diphoneconcatenation[5]
using an approad referredto asfrequencydomain, pitch-syndironous overlap add
(FD-PSOLA) and requires storage of the raw spee& waveforms, henceimposing
the needfor a diphone dictionary of approximately 7 Mbytes when sampledat 16
kHz.

To demonstratethe basicidea behind thesetypesof modi cations, rst short-
time speet signals x,n(n) = hn(t, n)x(n) are obtained, where x(n) is the
speet amplitude at time n, h, () is somewindow, and t,, mark ead pitch period
making the algorithm \pitc h-syndironous"” (set at random points for unvoiced
speet). The length of hy, is typically chosento be long enoughto cover at least
threetimesthe longestpitch period over which the short-time Fourier transformsare
then computed. Finally, frequencydomain modi cations (pitch) are made on the
harmonics (i.e. compression{expansiongtc.) and time (duration) modi cations
are madebad in the time domainto obtain the desiredsyrnthesismodi cation suc
as rate or pitch. This approad 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 presetted that bypass the frequency domain
manipulations and perform time modi cations directly on the waveform to save
computations [54, 18]. In this approad, the short-time speet signalsare again
obtained within ead pitch period. To modify the pitch, the pitch period is
altered dependingupon whetherthe speed signalis wide-bandor narrow-band. For
slowing down the speet signal someshort-time signalsare repeated, whereasthe
speet signalis acceleratedby selectiely eliminating someshort-time signals. This
approad has also been used to cortrol other speet qualities sud as vocal
register[57]. Sincethe raw diphone waveformsare storedasin FD-PSOLA, a large
database is required with this time-domain approad. Furthermore,
attenuation of certain frequencybands for somenarrow-band signalsoften results
in a reverberart sound.

Another approad that hasbeenproposedreferredto aslinear-prediction, pitch-
syndironous overlap add (LP-PSOLA) also utilizes time-scale and pitch-scale
modi cations, but instead of performing these modi cations directly on the time-
domain or frequency-domainwaveform, they are performedon the signal that will
excitethe parametric Iter [39. The computational burden of the latter techniqueis
smaller than that of the frequency domain technique and it also
requireslessmemorythan the previoustwo approades. Howewer, asthe LP-PSOLA

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

Another class of well-known syrthesizersthat provide corntrol of the speeth
characteristics are known as formant synthesizers[30, 31, 6, 24]. These systems
do not store templatesor speet waveformsthat represeh segmets of speedt, but
a dictionary of rules on how to choose and modify syrthesis parameters. The
parameters provided in these formant syrnthesizers perform adjustmerts to the
formant amplitudes and bandwidths, as well as the shape of the excitation or
glottal waveform, asit is speci cally referredto. Rules have beendevisedfor not
only cortrolling the prosady and pitch, but alsothe vocal register of the voice; even
whether the voice should soundlike a male or femalespealer. 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 speed for comnunications applications, as shovn
in the block diagram in Figure 2.5, involves what is referredto as speet coding.
The speet rst passeghrough a coder whereit is analyzedand compressed.The
encaled speet is then transmitted through a channel like a wire or a wireless
propagation channel. Finally the encaled speet parametersare received in the
decaler and syrthesizedto a speet signal.

Similar signal processingoperations as descrited in Section 2.2.1 for speeh
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Figure 2.5: Block diagram of a speet coding system.

syrthesis are also commonly used for speed® coding, howewer, the challengesare
often di erent. For speed 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 betweenaccuracyand compressionemerges,particularly for low bit-rate
speet 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
speet coding systems.

As an example considera modeling approad similar to that usedfor speeh
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syrthesis in Section 2.2.1. In low bit-rate speet coding systemswhere fe,g is
syrthesizedat the receiwer instead of being transmitted, it is necessaryto transmit

the voiced/unvoiced decision,gain parametersand, in the caseof a voiceddecision,
a pitch period. Hencefor eath N length block, a set of, say, p Iter coe cien ts for

A(z) aretransmitted aswell as 1 bit for the voiced/unvoiced decision,about 6 bits

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

sud sthemesare 72F bits per secondwhereFs is the number of blocks per second.
For Fs = 100,67, and 33, respectively, this resultsin bit rates of 7200,4800,and
2400bits per second[51]. A popular variation of this type of systemis known as
LPC-10[1Q. In transmission,it shouldbe noted that syndronization is a potential

problem sinceit is necessaryto distinguish which part of the transmission stream
corntains the coe cients for A(z), and which part correspnds to the excitation

parameters. Also, separate consideration must be made to the coding shemes
usedfor fe,g and A(z) sincethey ead have di erent sensitivities to transmission
errors [16].

Many encaling sthemes have been devised that attempt to acieve high
compression of the Iter coecients and excitation information while
maintaining quality that is acceptablefor a given application. In terms of the
modeling Iter coe cients, particular care must be taken in computing and

guartizing the coe cients for A(z) sinceroundo, truncation, and quartization
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errors can result in an unstable modeling Iter. Commonly the coe cien ts are
cornverted to another represemation, for examplepartial correlation (PARCOR) or
line spectrum pair (LSP) coecients, to allow straightforward stability
veri cation [10].

Vector quartization (VQ) is another data compressiontechnique that is
often usedfor quartizing the speed coe cien ts that represeh A(z). VQ involves
mapping vectors that are capable of taking on an in nite number of valuesonto
a nite set of vectorswhich are referredto as code words (or certroids). 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 wordsto represen
10 Iter coe cients in a block of speedt), then a binary index of only log16 = 4
bits is neededto addressead respective code word as opposedto transmitting the
10 oating point values. HenceVQ is of interest whenewer compressionof speed
parametersis desired,not only for reducing bit rate in speet coding, but also for
conservingmemory and computations in speed syrthesis, recognition or spealer
identity veri cation (SIV), aswill be shavn in Section2.5.2.

As for speet excitation compression, the simple speet coding system
preseited at the beginning of the section gave an example of how the excitation
information canbe encaledto achieve low bit ratesusing simply a voiced/unvoiced

ag, the pitch period and a gain parameter. Howewer, as discussedfor speet
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syrthesis, the problemwith this modelis the simplicity with which the excitation is
represeted as well as the dicult y in estimating the pitch period. These
problems have cortributed to medanical sounding speet [44]. To acdieve an
acceptable level of speet quality, more accurate models of the excitation
signal are used [44]. A popular alternative to articially generating the
excitation signal is to directly encade fe,g into a transmission stream using
waveform encaling sud asdi erential pulse-cale modulation (DPCM) [51]. Since
the pitch information is retained in fe,g, pitch detection is not necessary
Furthermore, although the modeling lter is unable to uniformly reduce dynamic
range over all analysis blocks, a low bit rate is adiieved by adaptively
guartizing fe,g. A more elaborate quartization schemeknown as multipulse LPC
has been used to ewen further improve speet quality. Following the
progressionfor encaling the modeling coe cients, VQ is a logical candidate for
encaling the excitation sequencewhen even lower bit rates are desired. Sudt
coding systemsinclude code-excited linear prediction (CELP) and vector sum
excitedlinear prediction (VSELP) which are popular in wirelesscommnunications|[2,

32].

2.2.4 Speech and Speaker Recognition
There are other speet processingapplications where the interest is not in

reproducing speed), asin syrnthesis and coding, but in obtaining information from
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the speet. Sud is the casefor the two applications discussedin this section
{ speet recognition and spealer identity veri cation. These applications both
utilize a matching routine for comparing speed information.

The technology known as speed recognition has becomevery popular today.
Consideredthe inversefunction of speet syrthesis, speeh recognitiontakesspeed
asthe input and outputs the text equivalert. A block diagram of a typical system
is shovn in Figure 2.6. In this system, the extracted speed featuresfor a given
word are comparedto stored featuresthat represen 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 sertence the best. Perhaps
the biggest attraction of speed recognition is as a friendly human interface for
computer cortrol.

In the areaof voice security applications, speaker recognition systems,sud as
for spealer identity veri cation (SIV), are popular. SIV may be usedfor secure
voice accessto a facility sud as a home or computer, or to serviceslike money
in a bank accoun, credit or phone card (validation), or personalinformation (e.g.
medical records). SIV may alsobe a useful legal or correctional tool, for forensics
or home incarceration, to verify that the corvict is indeed at home. A diagram
for an SIV systemis given in Figure 2.7. Note that the task of spealer idertity

veri cation (SIV) only requiresa binary decisionasto whether the claimed spealer
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Figure 2.6: Block diagram of a speet recognition system.

is who he or sheclaimsto be. In order to \recognize" a particular person'svoice,
the systemis trained for ead spealer, ead of which are referredto as subscrikers
of the system. Thesetrained feature sets, also called templates, are comparedto
the feature setsthat are analyzedduring the actual SIV testing process.During the
SIV test phase,the usermust provide somekind of non-speed iderti cation asto
which subscriker he or sheclaimsto be. The templatesfor the particular subscriker
are then loaded from the dictionary and comparedto the test featuresextracted
from the current user. Userswho are not the subscriker that they claim to be are
referredto asimposters.

So the task of automatic speet recognition (ASR) systemsis to idertify the
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Figure 2.7: Block diagram of an SIV system.

word or phrasethat makes up a given input speed record. On the other hand,
the processof distinguishing a particular spealer by his or her voice from a set of
known spealersis referredto as spealker recognition.

As a result, ASR is concerned with extracting the vocabulary-dependen
information, while SIV is mainly interested in the spealer-dependert features.
Consequetly, the objectivesof SIV and ASR are quite di erent. In fact, spealer
independert ASR attempts to remove all speaker-dependert information, in
cortrast with vocabulary-independert SIV which attempts to remove all vocabulary-

dependert features.

Despite these di erences, the most common SIV and ASR systems utilize
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virtually idertical front-end feature extraction algorithms. The reasonfor this is
that the formants arethe main sourceof phoneticinformation neededn ASR, while
their spealer-dependen aspects have madethem the most e ective SIV feature as
well. Hence,algorithmsthat accurately extract the formants are of interest for both
the SIV and ASR areas. Other featuresthat arevocabulary-and spealer-depgendert
include the energyconour (i.e., the variation over time) and the zero-crossingate
of the speedt signal.

Another similarity between ASR and SIV is the manner in which the
specimen speet record is comparedto a given model. In ASR, the model
represets a word or phrase, or speaker-dependernt featuresin SIV. A popular
approad for ASR and vocabulary-dependernt SIV involvesdynamictime-warping in
which the time-varying featuresof two utterancesare nonlinearly aligned according
to a certain distance measure[45. Another comparisonapproad utilizes Hidden
Markov Modeling (HMM) which statistically models a particular speet utterance
basedon sometraining data. The specimenutterance is comparedto the HMM
using a maximum likelihood computation. Comparisonroutines like thesewill be
discussedn more detail in Section2.5.

Hence, ASR and SIV share many of the same algorithms for analysis and
matching. As mertioned earlier, the primary operational di erences of the two

systems occur as an ASR system moves toward spealer-independert operation

25



whereasthe SIV systemrelies on the spealer-dependen information. Hencethe
signalmodeling problemin thesecasegequiresthat the ASR systemde-emphasizes
and the SIV systememphasizeghe spealer-dependen information.

Transformations or rotations of the feature space can be made as well to
emphasizethe feature's vocabulary-degendencefor ASR, or spealer-dependence
for SIV [45]. Sud an operation typically involves a training procedurein order
to accurately represen the feature distributions for eat class(i.e. spealers in
SIV or words in ASR) in multi-dimensional space. For spealer-independen ASR,
the trained classshould represenh se\eral di erent spealers saying the sameword
correspnding to the class. Once the distributions are obtained, a transformation
is devisedin an attempt to maximize the distance between classdistributions.

One other practice to make an ASR system less spealer-depender, not
involving any feature manipulation asin the above techniques,is to train the model
(e.g. HMM, or VQ) that correspnds to the word with sucient data from a
represemative population of di erent spealers. It is advised, howewer, to rst
obtain features(perhapsusing a transformation) that are lesssensitive to spealer
variations sothat the training data featureswill be more stable betweenspealers,
and the model criteria will be tight enoughto accurately discriminate the words.
This approad can also be applied to achieve a more vocabulary-indegendent SIV

system. Most vocabulary-independent veri ers usesimilar analysisprocedures,for

26



obtaining the pitch, energyand formart information, asthe vocabulary-degenden
veriers. Instead of storing eath computed value, howewer, they are typically
averaged over large speedr segmets to obtain a good average of the feature
values[40]. For example,if large enoughspeet recordsfrom both an adult maleand
a child wereobsened, onewould expect the formant frequenciedo be higherfor the
child's speed than for the adult male's speed. In order to adiiewve
acceptable error rates for this case, often more than 30 secondsof speed is
required for training. In many situations sud a requiremenn may be
unacceptabledue to limited speed data, limited computation time, or simply the
human factor costrelated to the training time required for ead user.

Another popular approad to make an ASR system lessspealer-dependen is
to normalizethe formant frequenciessothat the slight formant variations between
spealers for a given phonemedo not a ect the pattern-matching phase[45]. A
similar approad is to perform a frequency-domaintransformation in hopes that
the phonetic cortent will be emphasizedover the spealer-dependert information.
Sud transformations are often referredto asperceptual spectral scalingprocedures
asthey attempt to model human auditory perception. Many speed scienists feel
that the human auditory systemconceitrates on the phonetic cortent of the speed,
which is the reasonthat mel and Bark scalesfound early application in automatic

speet recognition (ASR) [9, 21]. Thus speeh scierists beliewe that the spealer

27



dependert 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 meland canbe approximated
by a function which, when plotted versusfrequency is linear belov 1000Hz and
logarithmic above. The mel-frequency scale is beliewed to descrike the ear's
perception of pitch [45]. The mel-frequencycepstral coe cients are commonly
obtained [9, 35] by spanning the mel-frequencyaxis with N triangular bandpass
Iters to derive the log energy X for ead critical band0 k < N from which the

M mel-frequencycepstral coe cien ts are computed

N
MECCi =  Xycodi(k 1=2) =NJ; fori= 1,2, :M: (2.4)
k=1

The Bark scaleis another form of perceptual spectral scalingwhich is believed
to more directly model the ear's perception of vowels [37, 19, 12], asit has been
obsened that the auditory system processesionspeet soundsdi erently than it
doesspeet sounds[45]. The function

26:81f

provides an approximate mapping of the frequencyaxis f in Hz to the auditory

Bark frequencyscalef g 5k [42].

2.3 Standard LPC Analysis

One approad to modeling someof the speet featurespreserted in the previous
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section, which has been used successfullyin a wide range of speet processing
applications for se\eral years, is called LPC analysis. Standard LPC analysisis
usedto model speet formarnts as they vary with the vocal tract dynamics. This
sectiondescrikeshow this is accomplished.

Linear Prediction algorithms attempt to represeh ead sample of the digital

speet signal s, in the form
Sn = @Sy 1+ &Sy ot + 8Sh pt € (2.6)

wheres, is a speet 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 formarts (for reasongdiscussedater), andf4,g”, and
f e,g areresultscomputedby the algorithm. The relationship betweenthe extracted
LP parametersand the physical speet featurescan be more readily obsened in

the frequencydomain. So converting to the z-domain,

Z(sn) S(2) (2.7)

az 'S(2) + &z *S(2) +  + apz PS(2) + E(2); (2.8)
and gathering the S(z) terms,
S(2)(1 az! az? a,z ) = E(2); (2.9)

givesthe z-domainversionof f s, g,

E(2)

S =
(2) 1 az?! az? apz P
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zP
= (z 1821z ,8212) (z o2 fp)E(Z); (2.10)

where ;€2 fifori = 1;2; ;parethe complexroots of the pth order polynomial in
the denominatorwith ; represeting the root radius and f; the root angle. Finally,

to expressthis in terms of frequency the substitution z = €2 ' is made where

j = p—l, and f represets the fractional (or normalized) frequency variable (so

that 05<=1f = fy, T <= 0:5whereT is the sampling period). Hence,

S(f) SICERD)

ej2 fp
= . . . . . . E(f):(2.11
(e12f 1e12f1)(e]2f 2812f2) (ejzf pG‘ZfP) ( )( )

Note that whenf = f, and ; is closeto one, the denominator becomessmall so
that S(f;) increases.The LP algorithms attempt to identify the \p ole" parameters
fi and ; represeting thesefrequencydomain peaksin terms of the coe cien ts f a;g
in (2.10).

Sincethe speet resonancegi.e., formants) shov 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 speed signal, soconceptuallythey could be represeted by
ten factor terms (p = 10) in the denominator of S(z): (The order p must be double
the expected number of formants sincethe polesof the speet signalform complex
conjugate pairs. Hencefor ewery positive frequencypole there is a correspnding

negative frequencypole.) In practice, howewer, the estimates obtained from LP
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analysisalgorithms tend to accenuate strongerformants while maskinglower level
ones,requiring additional polesto detect thesewealer formants [29].

If the coe cien ts f a;g"-; areusedto represen the vocaltract characteristics(i.e.
formants), then the remaining speet information must residein fe,g. As obsened
from the expressionfor S(f ) in (2.11), the frequencydomain represetation of the
vocal tract multiplied by the frequencydomain represetation of fe,g (i.e. E(f))
givesthe speed spectrum.

Up to this point, no mertion hasbeenmade of how the parametersf a;g-.; and
f e,g areextracted from f s,g. This is doneby computing the prediction error signal

sothat it minimizesthe sum of squarederrors cost functional

Xz X K1 "
jenj* = jSn aSn ) (2.12)

n=n n=n k=1
The Autocorrelation and Covariance LP algorithms dier in the valuesn; and
n, usedin the cost functional and the assumptionsmade on the speet data.
Particularly, for the Autocorrelation method, n; = 1andn, = N+ p 1 where
N is referredto asthe frame length. With this rangeof n it is obsened from the
costfunctional that valuesfor s, ,; ;S 1;S0;Sn+1;Sn+2;  ;Sn+p 1 arerequired.
Since not all of these are available, those that are not are assumedto be zero.
The Auto correlation method turns out to be the most computationally e cient LP
algorithm, but the assumptionsthat the speet samplesare zerooutside the frame
make this technique inaccurate for short speed records. Under this situation, the
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Covariancemethod is preferred. In this case,n; = pand n, = N sothat all of the

necessarynformation is available to minimize the cost functional. The Covariance
method hasbeenshownn to perform well for short speet frames,but at the expense
of additional computation. The Auto correlation and CovarianceLP algorithms, as
well asthe various e cien t algorithms available for obtaining their LP parameters,
are discussedn detail in various books [20, 29, 51]. It should be noted that these
\frame adaptive" LP approades characterize an ertire frame of speed samples
with a single set of formants. Hencethe frame length must be chosenlarge enough
sothat reliable parameterestimatescan be obtained from the LP analysisroutine,

but small enoughsothat the formant variation within the frameis small (i.e., the

speedt is consideredstationary). Then the time-varying nature of the formarts is

extracted by analyzing se\eral formant estimatesper speet record.

Before proceeding, another routine that will come up later and should be
mertioned 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 speet which tends to have strong low frequencycomponenrs. To avoid
missingthe lower energyhigh frequencyformants, preemphasigs often performed
on the speed signal prior to LP analysis. Pre-emphasigs often achieved using the

simple transformation x, = s, Sh 1 (0 < 1), which acts as a gradual high
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pass lter amplifying high frequency componerts and attenuating those at lower

frequencies.

2.4 Glottal Inverse Filtering

Standard LPC analysis, introduced in the previous section, has becomevery
popular in speed processingoecauseof its ability to model the slowly time-varying
speet formarnts, while still being a very simple procedure. This section discusses
an approad that extendsthe capabilities of LPC analysisin order to model the
ner speet characteristicsthat result from the vocal cord behavior.

Standard LPC analysis involves analyzing a speet record using seral
consecutie analysis frames. The frequency resolution of the LPC analysis
approad is known to improve with increasingframe size, hence30 ms framesare
qguite common for speetr sampled at 8 kHz. For smaother tracking of speet
formarts, these frames are usually overlapped by a third to a half of the frame
length. Hencethe number of analysisframesfor a given duration of speet will be
the samefor two di erent records. This is not the casefor the approat descriked
in this section, which attempts to setthe frame location over a speci ¢ portion of
a pitch period. Sud analysisapproadesare often called \pitc h-syndironous.”

Hencethe focusof linear predictive, glottal inverse Itering (GIF) isto overcome
the problemsof modeling nonstationarities su ered by corvertional frame adaptive

algorithms, sud as LPC analysis, in order to obtain a model of the vocal cord
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behavior [6]. GIF modelsthis behavior usingthe glottal waveform.

A ow diagram illustrating glottal inverse ltering is givenin Figure 2.8. The
procedureavoidsthe openglottis regionand analyzesover the closedglottis interval
(CGI) only usingCovarianceanalysis. Sincethis regionis basicallyfreefrom source-
tract interaction, the formart estimatesvia fa;gf-.; better represen the true static
vocal tract characteristicsover that pitch period. Thesecoe cien ts arethen usedto
obtain the di erential glottal waveform ug;n for that pitch period, which is obtained
by running the speed samplesfs,g within the ertire pitch period through the

inverse lter:

Ugn = €= Sn @1Sh 1 @Sn 2 aSn p; (2.13)

The nonstationarities assaiated with the open glottis region are henceimbedded

. |Covariance @
fShOn2cal Analysis é‘ a
0
OSBRI SR .1 IR SR P
f SnOn2y A Tz3 Ugin

Figure 2.8: Flow diagramillustrating the GIF analysisprocedure.

in the glottal waveform estimate ug,. The reasonthat fe,g is consideredthe
di erential glottal waveform s that it is assumedo cortain the radiation e ects of

the lips aswell. Thesee ects are approximately modeled by the crude high pass
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lter 1=(1 z 1!) sothat

U(2)=E@=1 z1Y (2.14)

or

Ug(2) z 'Uy(2) = E(2): (2.15)

The time-domain expressionis

€ = Ugn Ugn 1 Ug;n: (2.16)

Thento nd the glottal waveform, the approximate integral, sometimesreferredto

asthe digital integral, of f ,g is computed by simply arranging this equation so
Ugn = € + Ugn 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
Itering techniquesby Hunt, et al [26] and has been found reasonablyconsister
therewith.

There are se\eral attractiv e implications of this special LP analysisprocedure.
First of all, more consistem 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
analysistechnique. One involves preciselocation of the closedglottis interval. A
popular approad, proposedby Wong et al [6Q], involves computing a di erent
set of LPC parametersvia the Covariance method at ewery speetr sample by
sliding a short window of speet sample-ly-samplewhile performing the analysisin
an attempt to obtain the preciselocation of glottal closure (i.e., the interval of
appraximate zeroexcitation). A similar method [43] computesthe Discrete Fourier
Transform (DFT) at ewery sample. Both approades require heary computation
which hinders real-time implemertation. Another weaknessis the issueof frame
length. The short duration of the closedglottis interval precludesthe use of the
e cien t Auto correlation 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 ertails the computation of fug,0. Sincethe digital integral
operation is very sensitive to bias, the glottal waveform becomesbadly distorted
unlesshigh quality recordingequipmer is used[60]. It hasbeenshown that fug,g
computed using GIF is sewrely distorted by low-frequency phase

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

and where it can be done o -line (such as for speet syrthesis, as opposedto

real-time spealer identity veri cation or speed translation). An alternative GIF

strategy has been presened that alleviates the rst two problems by using a
recursiwe least-squareslgorithm with avariableforgetting factor [7], rather than the

frame-basedCovariance estimation approad. Like standard GIF, this sequetial

adaptive Itering approad obtains the glottal waveform from the analysisresidual
signal, and is thus vulnerable to the samedistortions sud as bias. Nonetheless,
both have beenvaluabletoolsin o -line analysisfor speed syrthesis.

Before leaving glottal inverse Itering, a commen should be made concerning
the vocabulary-depgendenceof the glottal waveform obtained using this technique.
Since the vocal tract estimate is taken over the closed glottis interval which is
guite stationary, inverse ltering over this region will yield a glottal estimate that
is essetially free of the vocabulary-dependen vocal tract information. Howewer in
the openglottis interval wherethe formants uctuate and deviate from the estimate
within the closed glottis interval, the inverse Itering operation will not totally
remove the nonstationary formants. Consequetly, the resulting glottal waveform

will then be vocabulary-degenden.

2.5 Feature Parameterization and Evaluation

The accuracy of speet analysis algorithms sud as those just discussedin

37



Sections 2.3 and 2.4 is no doubt crucial since it determines the amourt of
information that will be available to characterize the speed. 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 Iter out the irrelevant information that might creep
into the analysisresults, while often resulting in somedegradation of the desired
information. Another approad is to transform the feature vectorsin 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 elemeits that is closerto
optimal.

The next section descrites common methods for evaluating the quality of the
features extracted by speet analysis systems. Hence, Section 2.5.1 descrikes
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 segmeh spoken by a particular spealer i, let f; =
[fifio fim]" denotethe set of extracted features. If di erent feature estimates

can be computed by analyzing a su cien tly large amourt of data (i.e., training),
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then the intraclass(i.e. within-class) covariance matrix can be computedas
Wi = E((fi f)(fi f)T) (2.18)

where E (fj) = f; denotesthe statistical meanof f;. Commonly it is assumedthat
fi is normally distributed, in which casethe pooled intraclass covariance matrix is
simply the averageof the covariance matrices over all spealersW = E(W;).

Given the above notation and usingthe maximum likelihood criterion, it canbe

shown [11] that speaker i minimizesthe functional
Duui () = (F f)TW, X(f i) + Injwij: (2.19)

Many simpli cations of this functional have beendevisedand used successfullyin
pattern matching applications. The rst simpli cation is to assumethat W; is the
samefor all spealerssothat the covariance matrix for eat spealer is the sameas
the pooled covariance matrix. This simpli cation reducesstoragerequiremerns as
well as computation sincelnjWi;j is constart for all speakers and may be dropped

from the functional, resulting in
Dumi(f) = (f fi)'W *(f f): (2.20)

This functional is known as the Mahalanobisdistance. A further simpli cation is
to assumethat W is a diagonalmatrix, W = diag( %; 3; 21, in which casethe

functional becomesa simple weighted Euclidean distance

DE;i (f) = X iz(fj fij )2: (221)
ji=1 ]
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When the featuresarevirtually uncorrelatedsothat W is diagonallydominan, then
commonly W is madeinto a diagonal matrix by simply dropping the nondiagonal
terms. Yet sometimesthe nondiagonalterms 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 oncethe feature variancesare known. The motivation of applying a
smaller weighting on features which have higher variances(i.e., are noisy) is to
help prevernt a large feature distance,f;o fjjo, resulting from a particular feature
j © deviating signi cantly from its mean, from dominating the calculation of the
overall distanceD¢g ;. The only drawbadk with this assumptionis that it doesnot
take into accourt the interclass (i.e., between class) feature variations or,
speci cally, the separability of the features for a given population of spealers.
For example, a feature having a large variance for eat speaker may still be an
e ective discriminator if it happensto be very distinctive between spealers. An
approad that incorporates intraspealer variation in the form of another simple
linear transformation is referred to as discriminant analysis and requires the

computation of the interclasscovariance matrix

B=E(f f)(fi f)T): (2.22)
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Due to the heary training cost (as mertioned 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 represemation of choice when comparingvocal tract features. Sincean
AR vector fa,g can be transformed to the cepstral vector f&,g using the
recursion[1Q

rxl

k
& =a,+ ﬁckan  forn 1, (2.23)
k=1

the e cien t and stablelinear prediction algorithms canbe usedto derive the cepstral
coe cients. AR derived cepstral coe cien ts have beenshawn to yield similar SIV
performanceas those obtained using direct nonparametric cepstral analysis [14].
The mel-frequencycepstral coe cien t represetation introducedin Section2.2.4is
a variation of this standard cepstral vocal tract represetation, asis the popular
delta cepstrum[10].

Cepstral coe cients are typically compared by using the simple Euclidean
metric. The most complicatedtask in vocal tract feature matching, howewer, lies
in time-scaling the sequenceof cepstral vectors when an utterance is spoken at
di erent ratesbetweentraining andtesting. The mostdirect approad to comparing
a specimen utterance with utterances obtained in training involves template

matching. A template cortains the features that were extracted from a single
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utterance (e.g. the sequencef cepstral vectors) during the training session.Then,
in veri cation, the feature set from the specimen utterance is directly matched
againstthe template(s). Time-alignmert of specimenand template is accomplished
by compressingor expandingthe time scale. Speci cally, to align the featuresfrom
utterances spoken at dierent rates, vectors obtained from the faster
utterance may 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 inconsisten endpoint detection, simple linear compression or
expansion of the time scale does not provide accurate alignmert. A popular
approad for template matching, esgecially 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),
and matching the time-varying featuresthat utilize the smallestlocal distancesgiven
somesimple constrairs.

Figure 2.9 shows a particular example of the DTW processfor aligning and
comparingthe specimenfeature setf a;g againstthe templatefly g (wherel i |
andl | J). The matrix of dots represets the various distanceswhich result
when matching eat of the specimenvectorswith ead of the template vectors. The

sizeof the dot correspndsto the relative value of the distancebetweentwo vectors.
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Figure 2.9: DTW processto align the vector sequence®f the specimenutterance
with the template utterance.
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Starting with the rst feature vectorsfrom both sets,a; and by, the local time axis
of the specimenutterance is, in e ect, expandedby choosing the match (a;; ).
The samegoesfor the template utterance if (a;by) is chosen. No local time-scale
modi cation occurswhen (a,; ) is chosen. The bestlocal alignmert is assumedo
occur by choosingthe match which yields the smallestdistance,d(a;; ), d(az; b),
or d(ay; ). The samedecisionprocesstakesplace at ead point in the alignmert
path (i;j) (where(a;h), 1 1 [ and1l | J, wasthe match that was last
chosen)until the last vector of one of the sequences, or by is reated. The overall
match of the two vector sequencesan be represeted by the normalizedsum of the
local distancescomputed along the chosenalignmert path.

A lessdirect technique than template matching for comparing the specimen
and training utterancesis to incorporate a statistical model of the vector sequences
correspndingto the training utterances. One sud statistical modelis referredto as
the hidden Markov model (HMM) [28 5. In HMM, the sequenceis
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-alignmert capabilities to the model. A specimen utterance is
comparedto a particular model by preseiiing the specimenvector sequenceo the
respective HMM. From this, a maximum likelihood computation is performedand

the probability that the specimensequencematchesthe model is provided. The
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most popular HMM application to SIV, for example,is to have an HMM trained
for ea spealer and eat word in the vocabulary. Then a given specimenword is
preseited to the respective HMM of the claimed subscriker and the likelihood of a
correct match is computed. If the likelihood is smallerthan a prede ned threshold,
the identi cation claim is rejected.

VQ may be usedin speet and speaker recognition systemsin various ways.
Perhaps the most obvious way is to substitute for the spectral parameters(i.e.,
the AR coe cients or equivalert represemations sud as cepstral coe cients or
re ection coe cien ts) with the code words (via their addresseskimply to reduce
memory requiremens assaiated with storing templates. In the cortext of pattern
matching, recall that VQ maps a vector to the \closest" (preferably in terms of
perception) code word accordingto a particular distortion measure(which is similar
to a distance measurebut only requiresthe property that dist(x;y) 0 with
equality whenx = y). Henceanother approad for matching utterancesspoken at
di erent ratesis to presen the test speet utterance to the codebook which has
beendesignedfor a particular subscriter and determineif the test utterance came
from the claimed subscriker by computing the overall averagedistortion. The idea
is that a codebook trained for a singlespealer will be su cien tly speaker dependert
sothat the samespealer will produce a lower averagedistortion than someoneelse

using the same codebook. This approat has been applied in text-independen

45



situations sinceit is relatively insensitive to temporal variations as well asto the
sequencen which particular coe cients are input [53, 4, 61]. Consequetly, no
templatesneedto be stored and no time-alignmert 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 spealer-dependen
information) and, like VQ, requiresfewer computationsthan DTW and lessmemory
for storing the templates. Howewer, the amourt of training data required for HMM
and VQ is generallya lot more than for DTW. Furthermore, updating the HMM is
moredi cult than updating a template (i.e. a simplereplacemen with the feature
setobtainedin a veri cation sessiorthat resultedin an acceptedveri cation) which
is important giventhat a speaker's voiceis known to changeover time [15]. Finally,
it isn't aseasyto interpret the HMM and VQ parametersfor analysisand testing
purposes. Soif the time-alignmert computations and large memory requiremen
aren't a problemfor a particular application, the template approad may be desired.
Howewer, if training data is adequateand it is possibleto periodically retrain or

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

2.5.3 Likelihood of Errors
Now that the common techniques for comparing speet features have been
introduced, probabilistic detection theory concepts will be utilized for

ewvaluating the likelihood of the two types of speet/spealer recognition errors
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that can occur{false iderti cations (d) (the systemerroneouslydecidesthat the
specimenfeature set was producedby subscriker T, whenit was actually produced
by subscriker T; (1  k;]j N, ] 6 k)) and missediderti cations (mid) (the
systemrejectsthe correct speaker). The results obtained herecould alsobe tailored
for seweral common speet recognition systemsas well. For the purposesof this
dissertation, howewer, the analysis will focus on spealker recognition and the
tradeo s between false and missediderti cation errors accordingto the decision
threshold.

In order to analyze the speaker recognition errors formally given a
particular criterion, it is necessaryto introduce some notation. First, H;; will
represen the hypothesisthat the comparisonis betweenutterancesfrom subscriler
T; and subscriter T; (1 I} N). For the casei = | let Hj; = H;. The
dissimilarity score resulting from the comparison (e.g., via Euclidean or other
distance functional as presettied in Section2.5.1) betweenthe specimenutterance
and the template for subscriker T; is x;. The probability density function (PDF)
with respect to the cortinuum of dissimilarity scoresX assaiated with a particular
hypothesisH;; is denotedas fx;jn,; (XjHi;) and can be computed after extensie
training.

The most common decision procedure in speaker idernti cation is to compare

the specimenfeature setto ead template feature setprovided by the N subscrilers
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in training and choosethe subscriter whosetemplate matched the specimenbest
(i.e., gave the lowest dissimilarity score). The probability of a falseidenti cation

for sudh a systemis equivalert to the probability that the specimenwas actually
produced by another subscriker, T;, rather than the speaker Ty which yielded the
lowest dissimilarity scorex, with the specimen. The region which represets the
probability of these occurrencesis shovn in Figure 2.10 and the probability of a

falseidenti cation is computedas
] X Z Xk .
P(fid) = P(H;) . fxiny (X[Hjx )dx: (2.24)
i6k

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

fxjr, (XiHk)

P .
isk P(Hj)fxjn, (XjHjx)

Xk Xut

Figure 2.10: Spealer iderti cation criteria.

the scoreis lesslikely to be asseiated with a hypothesisHjx (j 6 k) (where
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the template from Ty is hypothesizedas being comparedto a specimenutterance
from another talker T; (j 6 k)). In cortrast, the highest probability of a false
identi cation occurswhenxy is high sothat it is closerto the meanofijHj:k (XjHjx ).
The rangeshown in Figure 2.10can be better understood by thinking of the value
of xx asa xed thresholdx; = X, sothat, assumingthe other dissimilarity scores;
() & k) are xed, hypothesisHy will be chosenwhenewer x,  X;. It is hoted that if
in this systemspealer Ty is falselyiderti ed, then naturally the correct subscrilker
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 addedto the systemto limit the
probability of a false identi cation. Thus the \don't know" state is
commonly achieved whenthe lowest scorex, exceedsa certain upper threshold x; .

Consequetly, the upper limit on the probability of falseiderti cation is

i X z Xut .
P(fid)max = P(H;) . fxjny, (XIHjx )dx: (2.25)
i6k
Aslongasxy Xy, P(fid) = P(mid) asabove. When xx > X, the \don't know"

state results sothat P(fid) = 0 and P(mid) = 1. The probability that this will

happen for subscriker Ty is

Z4
P(Xk > Xut) = ) fxjn, (XJH ) dx: (2.26)

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

X Z1 _
P(X1> Xyt [ X2> Xue [ XN > Xyt) = P(H;) iy fxju, (XjHj)dx:  (2.27)
j:l ut

Normally a missed identi cation, particularly one resulting from the \don't
know" condition, has somecost asseiated with it, perhapsrelated to the human
factors aspect. Commonly the identi cation subject will be asked to repeat the
utterance in order to resohe the \don't know" condition. Consequetly the
condition xx < X is forced to hold so that the maximum probability of false
identi cation is also P(mid) = P(fid). Note that on the average, as long as
P(xk < Xy) > 0:5, an iderti 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 (Xxk Xut )P (Xk > Xu)" i If there are a limited
number of retests, M, that are allowed to be performed for ead iderti cation
sessiona\don't know" state must again be a possibleoutcome. Soagain, a\don't
know" will result in a miss rather than risking a false iderti cation. Hencethe
condition that P(fid) = 0 and P(mid) = 1 can again occur. Howewer, now the

probability of sud an occurrencewould be equalto

M
1 P(Xl > Xut[ X2 > Xut[ XN > Xut)n 1(1 P(Xl > Xut[ X2 > Xut[ XN > Xut)):
n=1
(2.28)
The other popular application of speaker recognition, SIV, simply gives a

binary decision to either reject the identity of the spealer, or accept it as
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correspnding to the claimedsubscriler. 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 spealer T;

instead of subscriker Ty is analogousto choosingthe wrong subscriker in spealer
identi cation). Using this analogy the conceptsabove can also be appliedto SIV.

A common performancemeasuremen of SIV systemsis known as the equal-error
rate (EER), which is the percerage of errors that occurs when the SIV decision
threshold is setsothat the probability of falseacceptancesqualsthe probability of

falserejection, or

z z,

X

O” i (GHAX = g, (i HI (2.29)

2.5.4 Vocal Cord Feature Representation

The glottal waveform is perhapsthe most popular vocal cord represetation,
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., fundamenal frequency),glottal openingtime, glottal closingtime, and
amplitude, asde ned in Section2.1. Other e ects, sud assource-tractinteraction,
have also beenincorporated by making slight changesto the wave [1, 47]. Certain
perceptually signi cant characteristicsare more apparert in the frequencydomain,
prompting new glottal excitation generatorsthat directly cortrol the spectrum.
Common spectral characteristicsinclude spectral tilt (i.e., magnitude roll-o with
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increasingfrequency),relative harmonic intensities, and interharmonic noise[6].

Extracting glottal featuresfrom the time-domain signal is attractive, as the
featuresare easyto relate to physical speet characteristics. Furthermore, sincethe
vocal cords vibrate relatively consistetly over all voiced speed, it is possibleto
model typical vocal cord operation over a short voiced segmeh (containing at least
onepitch period). Doing soin the time-domain will generallyrequire lessdata than
short-time analysis techniques (sudh as spectral and statistical methods) require,
resulting in featuresthat 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 analysisa di cult task. For example,the opening pulse
for breathy voicesmay be weak, and there may not be a closedinterval as the
glottis may newer closecompletely Vocal fry (or \creaky") voices,on the other
hand, may not have a detectable opening pulse and may cortain more than one
excitation per pitch period. The above properties of the glottal signal for breathy
and vocal fry voicesmay help distinguish a particular spealer, but also make pitch
detection and consistem estimation of glottal everts very di cult.

Other sourcesof inconsistencyof the glottal signal may arise as a result of
changesn air o w and obstructions, sud asmucous. For example,the glottal signal

may cortain an occasionalarge pulsethat may be mistakenfor an excitation evert.
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Or if the air o w from the lungsis not strong enough,the glottal signalmay alternate
betweenbreathy excitation and unvoicedexcitation (i.e., no glottal vibration). The
glottal signal has also beenobsened to be inconsisteth for somevocal fry voices
and for spealerswith certain speet pathologies. In thesecasesattempting time-
domain analysisover a couple of pitch periods may be quite di cult and provide a
poor generalizationof the glottal signal.

The reasonfor posingthe above di culties (rare asthey may be) before even
describing the characteristics of the glottal signal is to serwe as a forewarning
when designinga time-domain extraction routine that is basedon overly optimistic
assumptions. For example the problem of pitch detection has long been
aknowledgedas a very di cult task [22], hencedesigningan extraction routine
that is basedhearily on the assumptionof accuratepitch detection could result in
a set of computed featuresthat bear no resenblanceto the actual oneswhen the
assumptionis violated.

Heeding the above warnings, only the primary time-domain features of the
glottal signalarediscussedereaswell 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 ertire pitch period, depending upon the spealer) and always precedesthe
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glottal closingphase,which shavs up asa sharpdrop. As aresult, exceptfor larger
malesand spealers 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 spealers.
The glottal opening and glottal closing phase make up the open glottis interval
(OGI). The closedglottis interval (CGIl) makesup the remainderof the period and
is often assumedto be the stationary region within the pitch period. The CGI
is typically much shorter for female spealers than for male spealers and may be
di cult to distinguish for breathy spealersasthe glottis may not closecompletely

Using the above generalizations,onemight do quite well identifying main everts
within glottal signalsfor the vast majority of speakers. The glottal opening pulseis
typically quite large and easily iderti able. Although sud a pulse may not occur
for somelow-pitched male spealers, their closingphasetendsto be quite sharpand
easilyidenti able. If LPC analysisis being performedon the speed, the prediction
error signal can also be usedto assistin locating the glottal closureinterval, since
the largestprediction errorsoccur during main excitation. Seeral other parameters
have also beenusedto locate speci ¢ glottal ewens, particularly in the context of
pitch prediction [22]. Therefore, it is possibleto locate a main excitation within a
certain interval quite consistetly, even for problematic voicessud as those that

are breathy or have multiple excitations, simply by nding the largest peakand/or
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the sharpest drop within an interval that cortains at least one pitch period.
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Chapter 3

Adaptiv e Forced Response Inverse
Filter (AFRIF) Mo del

A key feature of the speet analysis procedure proposed in this chapter is
the adaptive ltering operation that is performedto obtain the vocal tract and
glottal waveform estimates. To demonstrate the operation of recursive lItering
on speet, Figure 3.1 shows time-varying spectral estimates from the standard
recursive, least-squaresalgorithm over a single speet period. These 41 speed
sampleswereobtained by digitally recordinga malechild (corresppndingto CMBSB
in the following chapter) making an /uw/ vowel sound, sampledat 8 kHz. These
samplescorrespnd to samples6610to 66500f the waveformin Figure 3.2. As with
standard LPC analysis,the adaptive Iter usesa 10th order autoregressie model.

The high temporal resolution provided by thesetime-varying spectral estimates
allows cortinuoustracking of the formant behavior asthey are a 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.

discretetime n

Figure 3.2: Speet 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 increaseswhile the energy
in the lowest formants decreases.

Theseewerts correspnd with the results obsened in other studies, which have
gonea step further by relating theseewens to the speci c vocal cord medanics.
The 25th sample at which the formants are excited is the key evert, becauseit
resultsin the generationof the next period asshown in Figure 3.2 correspnding to
n = 6635. This is known asthe main excitation and occursat the beginningof the
glottal closurephase[22]. A well-known consequencef this is the strong excitation
of the higher harmonicsthat wasobsened for the following 5 to 10 samplegq31]. So
accordingly the 10 to 15 sampleinterval prior to the 25th sample correspnds to
when the glottis is open. The obsened time-varying frequencyresponsecertainly
conrms this assumption, as other studies have also found that glottal opening
indeedtends to causea damping of the lower frequencyharmonic [60].

In summary the above obsenations of the time-varying frequency response
complemen those obsened in other studies. Due to the popularity of the
glottal waveform, madepossibleby glottal inverse ltering, over expensiwe physical
measuremets, these ewernts are quite well understood today. Howewer, the

signi cance of the analysis made here is that, unlike in the standard glottal
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inverse ltering technique, the above obsenations of glottal everts were made
using the prediction coe cien ts rather than the prediction error signal. This was
only possiblebecauseof the cortinuoustracking provided by the recursive analysis
algorithm, allowing a newsetof coe cien ts to be computedfor every samplewithin

the pitch period.

In this chapter, Sections3.1 and 3.2 will descrite how the proposed AFRIF
procedure obtains the vocal tract and vocal cord information from time-varying
spectral estimatesof the input speed signal. Section 3.3 provides an analysis of
the glottal waveform modeling capability of the AFRIF procedureusing arti cial

speet), generatedfrom the classicalglottal waveform model, asthe AFRIF input.

3.1 Adaptiv e Vocal Tract Mo deling

As obsenedin Figure 3.1, the recursiwe Iter analysisalgorithm providesse\eral
linear predictive formant estimatesover ead pitch period. It was also obsened
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 should be chosenfrom within the closedglottis interval
(CaGl), asis donein glottal inverse ltering.

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

intervals, it is not necessaryto detectthe closedglottis intervals and store the vocal
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tract parameters for ewery pitch period. Rather, the proposed analysis
algorithm attempts to identify ead closedglottis interval but choosesonly one
vector, s& an., within a given speet frame from which to extract the vocal tract
estimate. Note that the amourt of memory required to store the parameters,
extracted with this xed frame pitch-syndironous analysis,dependsonly upon the
length of the utterance and not on the pitch.

The recursiwe least-squaregRLS) algorithm has been selectedto perform the
adaptive ltering operation for computing the time-varying lIter coe cients A,(2).
The RLS procedurehasbeenshownn to convergeafter about 2p data sampleswherep
is the Ilter order, regardless of the properties of the data (i.e. the
conditioning, as descriked in Haykin [20]). This corvergenceproperty makes the
RLS procedures attractive for accurate glottal signal tracking and formant
extraction from short speet intervals or from high pitched speeti. Hence,RLS
is capable of extracting accurate vocal tract estimatesfrom much shorter closed
glottis regionsthan is possiblewith the Covariance method usedfor glottal inverse

Itering.

3.2 Forced Response Inverse Filtering for Vocal
Cord Mo deling

Figure 3.1 demonstrated how the prediction coe cients obtained from the

recursive analysis algorithm corntain a description of the glottal behavior. A
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procedureis descriked herethat aimsto model this behavior using a time-domain
waveform, rather than by analyzing the variations of the p prediction coe cien ts.
Section3.3 will shaw that the resulting signal tracks the classicalglottal waveform,
thus providing an alternative for extracting the classicalglottal waveform.

The rst step of the procedureis to obtain the step responser, of the time-

varying Iter de ned by the prediction coe cien ts:
fh = Up + | aniln 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 a,_, obtainedin Section3.1:

X
Oh = Iy il i (3.2)

i=1
The overall ow diagram of this proposedprocedureis givenin Figure 3.3.

Note that sincethe time-invariant lter, A..(z), represets the inverseof the
vocal tract model for the correspnding period (which is assumedo be stationary),
its output f g,g is expectedto be virtually freefrom vocal tract information. If the
speet signalitself is stationary over the particular pitch period (which it newer is),
the output of the inverse lter, An.(z), will be unity. Resultsdi erent from unity,
within the pitch period, thusre ect the nonstationarities assaiated primarily with
the vocal cord operation. Hencethe inverse lter output fg,g is referredto asthe
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Figure 3.3: Flow diagram illustrating the proposedanalysisprocedure.

glottal signal. Figure 3.4 showvsthe glottal signalestimatefor rst half of the speet
period in Figure 3.2. Section3.3will shov how the resulting glottal signalestimates
correspnd to the popular di erential glottal waveform introducedin Section2.4.
The proposedapproad is noted to have many similarities to classicalglottal
inverse ltering. The main di erences of the two techniqueslie primarily in how the
vocal tract estimatesare obtained, and in the signalusedfor inverse ltering. Recall
that in corvertional glottal inverse ltering [60], preprocessinginitially takesplace
to nd the closedglottis interval from which the vocal tract estimate is obtained.
The proposedapproad, on the other hand, recursiwely performs linear predictive
analysis at ead speedt sample and then selectsa linear prediction vector at a
particular samplewithin the closedglottis interval asthe vocal tract estimate. The

remaining instantaneous prediction coe cien ts do not get discarded (as do those
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Figure 3.4: Glottal signal estimate.

obtained in the preprocessingprocedure of glottal inverse lItering), instead they
are characterized by their time-varying unit step responseto derive the glottal
signal. This leadsto 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 usethe speet waveform. The proposed
approad, howeer, usesthe step responsewhich is basically the speet signal after
much of the random noisecomponert and excitation harmonicshave beenremoved

and replacedby the unit step signal.

3.3 AFRIF Vocal Cord Mo deling Analysis

This section analyzesglottal behavior, as was obsened in the time-varying
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frequencyresponsein Figure 3.1, which will be shawvn to result in an estimate of the
classical glottal waveform estimate fg,g. In order to provide a more
corntrolled analysis of the glottal signal extraction operation of the AFRIF
procedure, various phonemesof syrthesized spee® will be generated using an
arti cial glottal waveform source. The RLS algorithm will be used for the
adaptive Itering operation of the AFRIF procedureandwill demonstratethe e ects

of corvergenceand lIter order on glottal waveform modeling performance.

3.3.1 Experiment Setup

The speet synthesis system used in this sectionis basedon the Klatt formant
syrthesizer [30] and usesthe Liljencrants{Fant (LF) glottal waveform model asin
the revisedKlatt syrthesizer[31]. The LF model represets the glottal pulsewith
the function

g(t) = at*> bt (3.3)

where a and b determine the open quotient, glottal pulse skew, and voicing
amplitude. This section makes use of the dierential glottal waveform
represemation

g{t) = 2at  3bt: (3.4)

Theserepreserations can be interchangedusing simple rst-order lters to corvert

betweenthe glottal and the di erential glottal waveform models. Unlessotherwise
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stated, the default values given in [31] were usedthroughout the analysis. This
includesthe default samplingrate of 10 kHz. The advantage of this analysisis that
the glottal waveform of the (synthesized)speedt is completelyknown, sothe glottal
estimatesfrom AFRIF can be directly ewvaluated. Furthermore, sincethe voicing,
pitch, location of all of the glottal ewerts, and formants are known, automatic pitch,
endpoint, and voiced/unvoiceddetectionroutines are not necessaryn this analysis,
and are manually speci ed accordingto the speet syrnthesis model parameters.
Hence,the location within ead pitch period at which the AFRIF procedureextracts
the vocal tract estimate is manually speci ed as the tenth sample prior to eah

glottal opening pulsethat occursin the LF glottal waveform model.

3.3.2 Experiment on Typical Vowels

The AFRIF procedure, using 10th order RLS analysis, is rst applied to
syrthesized speet of the long vowel sound /uw/ as in the word do shown in
Figure 3.5. Figure 3.6 shows a period of the glottal signal estimatesas well as
the actual di erential glottal waveform usedto generatethe synhesized speet
denoted by the dashed-dottedline. As will be the casefor the remaining gures
in this section, the analysiswas performed using exponertial forgetting factors of

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

" e (3.5)

i=1
and providesa way to reducethe in uence of past data and thusimprove estimation
while tracking nonstationary data.
Using the samearti cial glottal signalsourceasfor the syrnthesized/uw/ vowel,
the long vowel /iy/ asin the word see was also syrnthesizedas shovn in Figure 3.7.
Figure 3.8revealssimilar resultsaswere obsened for the analysisof the syrnthesized

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

Sn
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Figure 3.7: Syrthesizedspeet of /iy/.

a ects speet characteristics,and hasbeenassaiated 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
syrthesizedwaveform (dashed-dotted).

from a small OQ, the open quotient was decreasedo lessthan half of its default
value of 43%, as in Figure 3.7,t0 21%given in Figure 3.9. As obsened from the
estimated glottal signalsin Figure 3.10,the AFRIF proceduremodelsthe smaller
glottal opening pulse assaiated with a decreasedDQ.

The above analysiswas also performedfor di erent lter orders. Figures 3.11
and 3.12shaw the results when analyzing the synthesizedvowel /uw/ in Figure 3.5
with 14th and 18th order adaptive lters, respectively. Figures 3.13 and 3.14
correspnd 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 speet with a

smaller open quotient correspndingto Figure 3.9.
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Figure 3.9: Synthesizedspeed 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
syrnthesizedwaveform (dashed-dotted)with 21% OQ.
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Figure 3.11: 14th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
/luw/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.12: 18th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
/luw/ from a syrnthesizedwaveform (dashed-dotted).
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Figure 3.13: 14th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
fiyl from a synthesizedwaveform (dashed-dotted).
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Figure 3.14: 18th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
iyl from a syrnthesizedwaveform (dashed-dotted).
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Figure 3.15: 14th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
fiyl 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
iyl from a syrnthesizedwaveform (dashed-dotted)with 21% OQ.
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3.3.3 Experiment Observ ations

For the most part, the results in the above experimert were quite insensitive to
changesto the data and analysis parameters. Comparing Figures 3.6, 3.11, and
3.12o0btained from the syrnthesized/u w/ vowel, and Figures3.8,3.13,and 3.14from
the syrthesized/iy/ vowel, shavs that the glottal waveform modeling performance
tendsto be quite consistem for the di erent analysis Iter orders.

The portion of the waveform that was the most dicult 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 procedurewas able to track the waveform until the 499th
sample where the estimated glottal signals sharply decrease. Furthermore, the
estimatedglottal signalswerenot ableto instantaneouslyread the constart closed-
glottis interval which occurred at sample506 but tendedto oscillate (for the small

case)or gradually climb (for the large case)to the constart value of one after
appraximately 10to 20 samples.

The results in the above experimert con rmed that larger forgetting factors
translated to slover 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 = 465was 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 estimate within the
glottal openinginterval, as obsened over the interval from n = 460to n = 480in
Figure 3.16for the = 0:8 case. Similar results will be obsened in Section4.1.1
when inaccurate RLS estimates, that have not adequately corverged after
excitation, are usedas vocal tract estimates. For problems assaiated with small
forgetting factors, inaccurate vocal tract estimatescan also result due to another

RLS estimation error referredto as misadjustmen [20].

3.3.4 Experiment on Breath y Vowels

A common speet quality relatesto the breathinessof a speaker. For example,
female spealers are often characterizedaccordingto their breathy phonation [31,
47]. The revised Klatt syrnthesizer generatesbreathy speet using its aspiration
noise parameter (AH) which simply adds random noiseto the di erential glottal
waveform [31]. Figures 3.17 and 3.18 shaw the synthesizedvowels /iy/ and /uw/
as synthesizedfor Figures 3.7 and 3.5, respectively, but with the aspiration noise
parametersetto 52dB (instead of the default whereno aspiration noiseis assumed;
i.e.,0dB). The 10th and 18th order AFRIF glottal waveformanalysesofthe breathy
vowel /iy/, andthe 10th and 18th order AFRIF analysesof the breathy vowel /uw/,

are shown in Figures 3.19through 3.22.
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Figure 3.17: Syrthesizedbreathy speet of /iy/.
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Figure 3.18: Syrthesizedbreathy speet of /uw/.
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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).

On

discretetime n

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 /Juw/ (Figure 3.18) from a syrnthesizedwaveform (dashed-dotted).
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Figure 3.22: 18th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
breathy /uw/ (Figure 3.18) from a synthesizedwaveform (dashed-dotted).
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3.3.5 Experiment Observations

The above results shav a noisier glottal waveform estimate, but did not reveal
any noticable degradationof analysisperformanceover breathy syrthesizedspeed.
The estimatesin Figures 3.19, 3.21, and 3.22 using = 0:9 again resulted in
slower tracking than with = 0:8, asdid the estimatesusing 18th order Iters 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 corvergencewas

blamed, but then eventually increasesand appearsto start tracking the pulse.

3.3.6 Other Exp eriments

In Section 3.3.2 the AFRIF estimation Next, consider the AFRIF glottal
estimation performanceon syrthesizedspeet with more extremeglottal waveform
openquotient. The synthesizedspeet shavn in Figures3.23and 3.24, correspnds
to the long vowel sound/iy/ using open quotients of 64% and 5%, respectively.

Figures 3.25and 3.26 shawv the actual glottal waveform with the estimated glottal
signalswhen a Iter order of 18 was usedto analyzethe speet in Figures 3.23
and 3.24,respectively. Slightly more degradationin waveform tracking is revealed
in Figures 3.27and 3.28whenthe Iter order was decreasedo 10. For the large

open quotient case,AFRIF analysiswith a forgetting factor of 0.9 is incapable of
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Figure 3.23: Syrthesizedspeet of /iy/ with 64% OQ.
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Figure 3.24: Syrthesizedspeed of /iy/ with 5% OQ.
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Figure 3.25: 18th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
fiyl (Figure 3.23) from a syrnthesizedwaveform (dashed-dotted).
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Figure 3.26: 18th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
iyl (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
fiyl (Figure 3.23) from a syrnthesizedwaveform (dashed-dotted).
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Figure 3.28: 10th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
iyl (Figure 3.24) from a synthesizedwaveform (dashed-dotted).

81



modeling the glottal opening pulse,asobsened in Figure 3.27. For the speet with
a small open quotient, the estimatesin Figure 3.28are unableto track the smooth
pulseshape but instead producea pointed glottal opening pulse. Hencethere could
be problemswhenanalyzing breathy speakersthat often producelarge OQs, or low
pitched spealers that producesmall OQs [31].

High pitched spealerspresen a big challengeto speet analysissystems.To test
the AFRIF procedureon high pitched speet, the long vowel /iy/ was syrthesized
using an open quotient of 43%, but this time the pitch was doubled, as obsened

in Figure 3.29. The resulting glottal signal estimatesusing Iter ordersof 10, 14,

discretetime n

Figure 3.29: Syrthesizedhigh pitched speed 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
fiyl (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
iyl (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
fiyl (Figure 3.29) from a synthesizedwaveform (dashed-dotted).

degradingperformancewith increasinganalysisorder. The estimatesobtainedwhen
a lter order of 18 wasusedbear little resenblanceto the actual glottal waveform.
This should not be too surprising sinceapproximately 2p = 36 samplesare required
for corvergenceof the RLS algorithm, whereasthe ertire speed period in this case
lasts only 45 samples.

Sincethe vocal cord operation primarily a ects the lower frequenciesof speed,
the rst formant in particular, a crude lowpass lter applied to the speed prior to
AFRIF analysismay improve glottal waveform extraction by focusingthe spectral
estimation of the adaptive algorithm on the low frequencies.The syrnthesizedvowels

/eyl (asin the word say) and /a/ (asin the word pot), shown in Figures3.33and
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in 3.34respectively, will be analyzedwith and without a lowpass Iter applied.

discretetime n

Figure 3.33: Syrthesizedspeet of /ey/.

Glottal waveform estimatesfor /ey/ without prior lowpass ltering are shown
in Figure 3.35for 10th order analysesand in Figure 3.36for 18th order analyses.
The glottal waveform estimatesfor un ltered /a/ are showvn 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), resultedin a noticeableimprovemer in tracking performanceover
the open glottis pulse. Theseimproved estimatesare givenin Figures3.39and 3.40

for the 10th and 18th order analysesof /ey/, respectively. Figure 3.42shaws the
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Figure 3.34: Syrthesizedspeedt of /a/.
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Figure 3.35: 10th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
leyl (Figure 3.33) from a syrthesizedwaveform (dashed-dotted).
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Figure 3.36: 18th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
/eyl (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
/al (Figure 3.34) from a syrthesizedwaveform (dashed-dotted).
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Figure 3.38: 18th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
/al (Figure 3.34) from a synthesizedwaveform (dashed-dotted).
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Figure 3.39: Glottal analysisusing = 0:8 (solid) and 0.9 (dashed)of /ey/ (Fig-
ure 3.33) from a syrnthesizedwaveform (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 syrnthesizedwaveform (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 3.41shaow little improvemern

over thosein Figure 3.37.
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Figure 3.41: Glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of /a/ (Fig-
ure 3.34) from a syrnthesizedwaveform (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 speed.
Figures 3.44 and 3.45 showv glottal estimates correspnding to 10th and 18th
order analysis over the syrthesized 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 ewen greater for the estimateson the
phoneme/l/ in Figure 3.46 as shavn 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 sewre that the glottal waveform estimates bear little

90



On

discretetime n
Figure 3.42: Glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of /a/ (Fig-
ure 3.34) from a syrnthesizedwaveform (dashed-dotted)applying LPF prior to 18th
order RLS.

resenblanceto the ideal glottal waveform asshowvn in Figures3.50and 3.51.
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Figure 3.43: Syrthesizedspeet of /r/.
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Figure 3.44: 10th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
Ir/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.45: 18th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
Ir/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.46: Syrthesizedspeed of /I/.
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Figure 3.47: 10th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
/Il from a synthesizedwaveform (dashed-dotted).
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Figure 3.48: 18th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
/Il from a synthesizedwaveform (dashed-dotted).
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Figure 3.49: Syrthesizedspeet of /n/.
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Figure 3.50: 10th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
In/ from a synthesizedwaveform (dashed-dotted).
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Figure 3.51: 18th order glottal analysisusing = 0:8 (solid) and 0.9 (dashed) of
In/ from a synthesizedwaveform (dashed-dotted).
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Although many cornvertional glottal waveform extraction approates assume
highly cortrolled recording situations, sud as analysis on adult spealers using
specialrecordingchambersand equipmen, the AFRIF procedurehasdemonstrated
that successfulglottal waveform modeling can be adhieved in more diverse
conditions. AFRIF estimation on vowels from typical speakers was shovn to be
guite simple, and someadjustmerts to the AFRIF analysiswere presetted if the
needarosefor somenon-vowel analysisand for moredi cult speakers. Whereasthis
sectionhassuccessfulljdemonstratedthe ability of AFRIF to estimatethe classical
glottal waveform from syrthetic speed, along with se\eral of its limitations, the
next chapter will demonstratethe AFRIF glottal waveform extraction peformance

on human speed.
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Chapter 4
AFRIF Applications

This chapter demonstratesthe AFRIF speet analysisprocedureon actual human
speet. First the AFRIF procedureis usedfor glottal waveform extraction, then it
is usedfor spealer idertity veri cation. Generalresults, obsenations and practical

issuesof AFRIF are preseited for both cases.

4.1 Examples of Glottal Signals from AFRIF

This sectiondemonstrateghe glottal signalextraction performanceofthe AFRIF
procedure on actual human speet1. These glottal signalswere extracted from a
subsetof the database,descriked in the Appendix, made up of a diversegroup of
male and female adults and children. For the analysisin this section, the spee
was downsampledfrom the original 22.050kHz to a new sampling rate of 8 kHz.
Automatic pitch, endpoint, and voiced/unvoiced detection routines again were not
usedin this analysis. The previous chapter revealed slightly faster tracking with

= 0:8than with = 0:9 at the costof occasionaldegradationsin modeling arising
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from noisy analysisresults. Hence = 0:8 was usedin the following analysisfor
achieving more localized results on the high pitched databasespeet as produced
by the various women and children. The typical speet prediction Iter order of
p = 10 was used,sincehigher ordersdid not reveal any noticable improvemeris to

the resultsin Section3.3.

4.1.1 Practical Issues with the AFRIF Pro cedure

The RLS algorithm provides the ability to model stationary data as well as
track nonstationary data whosestatistics changeslowly, but requiresapproximately
2p samplesfor re-corvergence(where p is the order of the Iter) when sudden
changesto the statistics of the data occur. Glottal excitation is an example of
sud a suddennonstationarity for the caseof speeti. Acknowledgingthat sudden
nonstationarities result in large prediction errors and coe cient variations
during RLS adaptive Iltering, the location of n, at which to extract the
spectral estimate within ead pitch period of AFRIF analysisis chosenaround
2p samplespast the maximum value of the residual signal. There may be instances
when more samplesare required to achieve complete corvergence,or when the
nonstationarity doesnot end exactly at the occurrenceof the largestresidualvalue.
Howewer, waiting more than 2p samplesmay be too long for high pitched and other
spealers with short closedglottis intervals. Becauseof these challenges,a two-

passAFRIF veri cation approad wasdevisedto help evaluate the accuracyof the
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spectral estimatesobtainedwith RLS, and thus guidethe choiceof n.. A description
of this processis given as follows.

The veri cation involves performing a secondAFRIF analysis on syrnthesized
speet §,,

Sh=0Ont An.iSn i (4.2)

i=1

to achieve estimatesf g,g and &, of f g,g and a,,., respectively, which wereobtained
from AFRIF analysis on the original human speed, fs,g. Due to the inverse
Itering capabilities with linear prediction, similar results are expected from the
analysis on the original speet as on the syrnthesized speet generated after
successi@ analysis and syrthesis operations. Although it will be shovn 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 lItering

operation.

Considerthe glottal waveform estimate for AFGLB, shown in Figure 4.1, which
was obtained by choosing n, at samples4755, 4810, 4860, 4915, 4965 and 5015
correspnding to the six periods displayed. Thesesamplesare between15 and 20
samplespast the largestresidual magnitude value in ead period which, taken from
Figure 4.2, occur at samples4742,4793, 4843, 4894, 4947 and 5001. Verifying

the stationarity of the speet and analysisconvergenceat thesesamples,the two-
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pass veri cation result given as the dotted line shavs a similar resenblance to
the actual glottal signal estimate shavn 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 Iter vocaltract 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 n, = 4755with the other time-varying AR coe cien ts within
the segmelt using a basic Euclidean distance metric. As obsened, the distances

are relatively low in the interval around n, = 4755,and then againat n. = 4810.

On

discretetime n

Figure 4.1: Glottal analysisfor AFGLB of /iy/ (solid) and the veri cation result
(dashed).

It is noteworthy that, although it appearsthat the RLS estimation hasindeed
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discretetime n

Figure 4.2: Prediction error signal for AFGLB of /iy/.

discretetime n

Figure 4.3: The time-varying pole magnitudesfrom AFRIF for spealer AFGLB.
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discretetime n

Figure 4.4: Distancesbetweenthe vocal tract estimateat n. = 4755and AR pa-
rametersobtained at samples4756to 4805.

convergedand is tracking the data around samples4755,4810,4860,4915and 4965,
the glottal opening pulsesof the signalsshown in Figure 4.5tend to decreasaseadh
of the chosenlocations, n., is delayed (wherethe dotted, short dashed,long dashed,
and long dashed-dottedwaveforms correspnd 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 openingpulsesasobsened from the bold plots in Figures4.5and
4.6.

Although it might be arguedthat this particular speet record producessmaller
glottal opening pulsesthan others, it is more likely that the location at which eat

n. was chosenhas beendelayed past the closedglottis interval and into the open
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On

discretetime n

Figure 4.5: AFRIF results for AFGLB of /iy/ whenn, is delayed.

On

discretetime n

Figure 4.6: AFRIF veri cation results for AFGLB of syrthesized/iy/ whenn. 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, one can seethat the largest magnitude
(i.e., dominarmt) poles, in the interval from sample 4764 (nine samplespast the
original choiceof n.) on through the next 15 samples,are not aslarge asthe other
dominant polesshown in the plot. This implies lower amplitude, wider bandwidth
formants in this region, consistem with the known behavior of glottal opening.

Next obsene the AFRIF estimatesin Figure 4.7 which were obtained while the
vocal tract estimateswere placedat 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 opening pulseshave generallyincreased(wherethe dotted, short
dashed, long dashed, and long dashed-dotted waveforms correspnd to choosing
eah n; 1, 2, 3, and 4 samplesearlier, respectively). It should be noted from the
bold plot that the estimatetaken whenn, waschosen5 samplescloserto excitation
(i.e., n; 5)occasionallyproduceda distorted glottal openingpulse. The occurrence
of sudh distortions in the glottal waveform estimate during glottal opening was
frequertly obsened during our analysiswhen n, was chosentoo closeto excitation
sothat the RLS analysishad not su cien tly corverged.

Hencea generalobsenation is that the glottal opening pulsein the estimated
glottal waveformfrom AFRIF tendsto becomesuppressedvhenn, is chosentoward

the certer of glottal opening, and se\erely distorted when n. was chosentoo scon
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On

discretetime n

Figure 4.7: AFRIF resultsfor AFGLB of /iy/ whenn, is set closerto excitation.
after excitation. Another obsenation is that the inverse Iter veri cation did not
actually help in determining whether n. was within the glottal interval or during
glottal opening sincethe RLS algorithm was able to track the statistics of the data
in both cases.Howeer, it wasvaluablein determiningif n, the location within the
speet record at which the vocal tract estimate was obtained, was too soon after

excitation, prior to corvergence.
Finally, Figure 4.8 shavsthe resulting glottal estimatesif n. is chosensothat the
vocal tract estimation falls in and aroundthe glottal closurephase. Thesebearlittle
resentblance to the glottal waveform estimate obtained in Figure 4.1. Figure 4.3

revealedthat the polesof the estimate at sample4785are either outside of, or very
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closeto, the unit circle comparedto the pole radii during the closedglottis and
glottal openingintervals, accourting for the dramatic di erencesbetweenFigure 4.8
and Figures 4.1, 4.5, and 4.7. Figure 4.4 shoved that the distancebetweenn, and
the other time-varying AR coe cien ts within the speet period gradually increased
over the glottal opening phaseuntil the glottal closureinterval was reathed, where
the distancedramatically increased(to a distanceover 25, not shavn on the plot).

The distance thereafter approated zero again while reading the closed glottis

interval of the next segmenh

On

discretetime n

Figure 4.8: AFRIF results for AFGLB of /iy/ when n. is chosenduring glottal
closures.

4.1.2 AFRIF Glottal Waveform Observ ations

Now that the major issuesfor successfulAFRIF analysis performance are
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understood, this sectionpreseits se\eral glottal waveform estimatesanalyzedfrom
speet provided by various spealkers. Locations n, are determined using the
prediction error signal and two-pass verication process presered in the
previous section. The prediction error signals from ead analysis have been
inserted displaying the locations chosenfor n.. It will be obsened from the glottal
signalsin the previous section and those to be presered in this section, that the
generalglottal signal characteristics are quite universal for this yet diverseset of
spealers, and resenble the commondi erential glottal waveform (as was usedin
the speet synthesis systemfor the analysisin Section3.3).

Typically, the most distinctive evert in these signalsis produced at glottal
excitation when the glottis aps shut and causesthe vibrations that produce the
voiced sound waves. In the glottal signal plots, this evert producesthe sharp
negative slopesthat show up in the waveforms. For examplethe interval between
sample8000to 8010in Figure 4.9 cortains one of the glottal closureewents for the
phonemel/iy/ spoken by AFMES. Becauseof its distinctivenessthe sharp glottal
excitation dip can be usedto help identify ead pitch period.

The relatively at interval that follows the glottal closureinterval is the closed
glottis interval. Recall from Section3.1 that a glottal signalwith a constarnt value
of unity over the closedglottis interval, where a,, was selected,implies that the

formants are stationary. Sincethe previously mertioned glottal closure phasefor
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On

discretetime n

Figure 4.9: Glottal analysisfor AFMES of /iy/.

discretetime n

Figure 4.10: Glottal analysisfor AFMES of /uw/.
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AFMES in Figure 4.9 ended around sample 8010, the closedglottis interval for
this speed segmen extendsappraximately from sample8010to 8027. Finally, the
glottal opening interval follows the closedglottis interval and generally cortains
the peak (i.e., the maximum value) within ead period of the glottal waveform,
thus spanning from appraximately sample 8028 to 8032 in Figure 4.9. Similar
glottal signal features,but somewhatnoisier, are obtained when the samespealer
producesthe phoneme/uw/ asshawvn in Figure 4.10. The noisy characteristic might
beattributed to breathier speed, which whensimulated and analyzedin Section3.3
producedsimilar results. Also notice how the prediction error signal from /uw/ in
Figure 4.12tendsto be slightly lessregularthan that for /iy/ in Figure 4.11whose

excitation peakstend to be a lot more distinct.

discretetime n

Figure 4.11: Prediction error signal for AFMES of /iy/.

Figures4.13and4.14and 4.17and 4.18shaw very similar AFRIF analysisresults
for /Juw/ and /iy/ (respectively) spoken by SMLLV; perhapsthe highest pitched

adult male spealer analyzed(attributing to the relatively short pitch period).
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discretetime n

Figure 4.12: Prediction error signal for AFMES of /uw/.

The analysis for perhapsthe highest pitched spealer in the ertire database,
CFKGB, alsoresulted in somewhatsimilar results as can be seenin Figures 4.15
through 4.20. The most unique characteristic of the glottal signalsfrom CFKGB in
comparisonto the others analyzedis the shallovness(and sometimesabsence)of
the typically deepglottal closuredip. Rather than a characteristic of this spealer's
glottal waveform, howewer, the shallov glottal closure depth is a result of the
di cult y in tracking the glottal characteristicsof high pitched spealers. Figure 4.21
shows that a deeper closuredip is obtained when the analysisis performedon the
speet at the original sampling rate of 22.050kHz (i.e., before the decimation).
With more than twice as many samplesavailable, the adaptive Iter 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 spealers, somedistinctive di erences betweenthe

glottal signalsare apparert. Perhapsthe glottal waveformsthat deviate from the
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On

discretetime n

Figure 4.13: Glottal analysisfor SMLLV of /uw/.

discretetime n

Figure 4.14: Glottal analysisfor SMLLV of /iy/.
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discretetime n

Figure 4.15: Glottal analysisfor CFKGB of /uwi/.

discretetime n

Figure 4.16: Glottal analysisfor CFKGB of /iy/.
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discretetime n

Figure 4.17: Prediction error signal for SMLLV of /uw/.

discretetime n

Figure 4.18: Prediction error signal for SMLLV of /iy/.

discretetime n

Figure 4.19: Prediction error signal for CFKGB of /uwl/.
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discretetime n

Figure 4.20: Prediction error signal for CFKGB of /iy/.

On

discretetime n

Figure 4.21: Glottal analysisfor CFKGB of /iy/ sampledat 22.050kHz.
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standard glottal waveform the most are extracted from spealker SMWES in
Figures 4.22 and 4.23. Rather than containing the single glottal opening pulse,
thesewaveformsappearto cortain two pulses. Glottal cyclesthat cortain multiple
openglottis phasesare commonfor male speakersand are assaiated 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 spealers, it is not uncommon for a spealer 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 single open glottis pulse, and other
times produces a glottal waveform with two open glottis pulses. This is a
common behavior referredto as diplophonic double-pulsing, where spealers that
generally have a normal voice quality occasionally produce multiple excitations,
particularly at the ends of utterances [31]. Figure 4.24 shavs how a new pulse
gradually dewelopsjust after the main pulsein eadt glottal cycle. This secondary
glottal opening pulse can becomequite large, as it was for SMWES, hencethe
glottal signal can changesubstartially for speakerssud as AMDCM.

Another speed register that results in irregular glottal waveforms relates to
weak voicing assaiated with speed breathiness. The breathy, nasal speet of

AMGLS producedthe glottal waveform in Figure 4.30. Although the inverse Iter
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veri cation results do not reveal problemswith the speety modeling performance,
the glottal waveform bearslittle resenblanceto the typical glottal waveform. The
prediction-error signalin Figure 4.32con rms a higher level of randomnessand less
pronounciation of excitation comparedto other prediction-error signalssut asthe
oneshawn in Figure 4.33from the analysison speet from the samespealer. Hence
this register can also be cortrolled by certain spealers, as con rmed by the much

more regular glottal signalshowvn in 4.31for AMGLS on /iy/.

On

discretetime n

Figure 4.22: Glottal analysisfor SMWES of /uwl/.

Several visual comparisons have been made between the glottal waveform
estimatesgiven sofar in this section. Particularly, it hasbeeninteresting observing
how much ead of the spealer's glottal waveform characteristicsdi er betweenthe

utterances/iy/ and /luw/ (intra-spealker), and how they compareto those of the
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discretetime n

Figure 4.23: Glottal analysisfor SMWES of /iy/.

discretetime n

Figure 4.24: Glottal analysisfor AMDCM of /uw/.
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discretetime n

Figure 4.25: Glottal analysisfor AMDCM of /iy/.

discretetime n

Figure 4.26: Prediction error signal for SMWES of /uw/.

discretetime n

Figure 4.27: Prediction error signal for SMWES of /iy/.
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discretetime n

Figure 4.28: Prediction error signal for AMDCM of /uwl/.

discretetime n

Figure 4.29: Prediction error signalfor AMDCM of /iy/.

On

discretetime n

Figure 4.30: Glottal analysisfor AMGLS of /uwi/.
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discretetime n

Figure 4.31: Glottal analysisfor AMGLS of /iy/.

discretetime n

Figure 4.32: Prediction error signal for AMGLS of /uw/.

discretetime n

Figure 4.33: Prediction error signal for AMGLS of /iy/.
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other spealers (inter-speaker). Now the Euclideandistance,

Ij( 1
E= = join ni% (4.2)

n=0

will be usedto compareead of the glottal waveform estimates,say g:., and g..n,
over N samples. The time axesover the N samplesof the two glottal waveforms
are shifted so that n = 0 correspnds to a particular glottal closure sample n,
for ead glottal waveform. N correspndsto the length of the shorter of the two
glottal waveformsbeing compared. For example,samples4750through 50500f the
glottal waveform estimate in Figure 4.1 were comparedto samples6450to 6750in
Figure 4.34.

A visual comparisonbetweenthe AFRIF resultsfor AFGLB onphonemeuw/ in
Figures4.34and 4.35and phoneme/iy/ in Figures4.land 4.2revealssomenoticable
di erences, particularly the suppressedjlottal openingpulsesin Figure 4.34relative
to thoseobsenedin Figure 4.1. Usingthe Euclideandistance,asgivenin Table4.1,
adistanceof 3:83504(10) ® wasobtained. Howeer in relation, comparingthe glottal
waveform estimates for AFGLB to the glottal waveform estimates given in this
section from the other spealers resulted in an averagedistance of 1:06208(10) °.
The individual intra-speaker and inter-speaker comparisonsfor the sewen spealers
are broken down in Table 4.1. Other than for CFKGB, the inter-spealer distances
always exceedhe intra-spealer distances.Sud a condition is consistem with speet
featuresthat are spealer dependert and vocabulary independent. Next, a more
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accurate measureof the inter-speaker and intra-spealer di erences of the AFRIF
resultsis pursuedusing an automated spealer idertit y veri cation (SIV) systemon

a much larger set of data.

On

discretetime n

Figure 4.34: Glottal analysisfor AFGLB of /uwl/.

discretetime n

Figure 4.35: Prediction error signal for AFGLB of /uwl/.
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Table 4.1: Distancesbetweenglottal waveform estimates.

Subject intra-spealer inter-spealer

AMDCM | 3:332345(10) 7 | 1:1428976(10)°
AFGLB | 3:835039(10)° | 1:0620845(10)°
AMGLS | 2:142848(10)* | 2:6148799(10)*
CFKGB | 5:551650(10)* | 2:8874504(10)*
SMLLV | 1:976583(10)* | 2:4161379(10)*
AFMES | 4.073955(10)* | 4:4060557(10)*
SMWES | 1:670166(10)® | 1:1255984(10)°

4.2 A Simple SIV Example Using AFRIF

A simple spealer idertity veri cation (SIV) systemwas usedto ewaluate the
proposed AFRIF approad), and the e ectivenessof the featuresit 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 speet was sampled
at 8 kHz and the analysisframeswere set up so that a single set of coe cien ts
(within the rst detectedclosedglottis interval) wascollectedevery 30ms. The SIV
approat 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 corverting
them to cepstral coe cien ts and using the inversevariance approad explainedin

Section2.5.1for obtaining the weighted Euclideandistance. Due to its availability,
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DTW was used for ewaluating the eectiveness 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 approades 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 spealer-dependent information, a more
appropriate alignmert approat would be one that could better model spealer-
dependert 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 usingthe ertire glottal
signal, a segmeh of the glottal signal is chosen that provides a good
represemation 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 procedureusedto nd this represetative
glottal waveform segmen always keepstwo candidate segmets, sa& ga, and gs:n;
initially choosingthe rst two glottal waveform periods extracted 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 gs ., resulting in a distancedg.c. The new

segmen gc., Is kept asthe new glottal signalcandidateif da.c is smallerthan dg.c
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and da.g (in which casegc., becomesthe new candidate gs.,) or dg.c is smaller
than dag and dac (in which casegc.,, becomesthe new candidate ga.n). This
procedure cortinues until all periods have been comparedto at least one other
period, at which point one of the two nal candidates, ga., Or gs.n, IS chosen
as the represetativ e glottal waveform segmeh The time-domain glottal signal
comparisondn this procedureusedthe inversevarianceweighing for the Euclidean
distance.

Recallthat the proposedanalysisapproad requiressomeform of pitch detection
in order to locatethe closed-glottisinterval. In real-time speed processingsystems,
automatic pitch detection routines are required. An automated implemertation of
the AFRIF procedurewas usedin this experimert that identi es one or more of
the obvious time-domain glottal everts within a 30 ms analysisframe basedon the
logic presened in Section2.5.4. Hence,the glottal everts that the feature extraction
routine looks for are the main glottal opening and closingintervals. The extracted
glottal signal,which in Section3.3wasshavn to correspndto the di erential glottal
waveform, is usedto locate the glottal opening interval by idertifying the glottal
opening pulse. The glottal closinginterval is located by idertifying the typically
sharp dip in the estimated di erential glottal waveform asseenin Figure 3.4. The
prediction error signalis alsousedto assistin the iderti cation of the glottal closure

interval. The inverse lter, A..(z), is henceupdated ewery frame with the new

126



prediction coe cien ts.

Since the AFRIF procedure assumesthat the speed input is voiced, an
automated preprocessingroutine is used that determinesif the current frame
consists of voiced or unvoiced speet. If the decisionis \unvoiced", standard
LPC analysisis performedto obtain the vocal tract model prediction vector, but
the glottal signal computation is bypassedaltogether. The criterion usedin the
voiced/unvoiced/silence detection routine is quite standard [22], and the specic
implemenation usedin this experiment follows that descrited in [3]. The main
criterion is speet energy which, if large enoughfor a particular speet frame,
resultsin a voiced classi cation. If a speet frame doesnot cortain quite as much
energy but the number of zerocrossingss low, asis the ratio of the energyin the
prediction error signal frame to the speedq energy then the speet frame is also
classi ed as being voiced. A speed frame that has been classi ed as voiced can
be reclassi ed as unvoicedif the glottal evert detection routine is unable to locate
excitations within the speet frame.

The SIV systemthat incorporated the AFRIF procedure achieved an equal-
error rate (EER) of 20%. As a referencethe SIV experimert was performedwith
a convertional linear predictive analysisalgorithm (as descriked in [59]) resulting
in an equal-errorrate of 18%. Table 4.2 givesthe resulting EER for ead spealer.

The third column in Table 4.2 gives the equal-error rate for eah spealker using
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only the vocal tract AR parameters,a,. (EER a,.). The fourth column shows the
equal-error rate when the glottal signal is also usedin the veri cation (EER a,,
& G). For 21 of the 29 spealers, the glottal signal improved the equal-error rate
as much as 2.28%,but degradedthe equal-errorrate by almost 14% for one of the
8 spealers whoseglottal signal did not help to identify them. Hencethe glottal
signal contains useful spealer information for somespealers, but not for others.
Breathy spealers correspnd to an obvious casewhere the glottal information is
very weak or nonexistent. In the latter case,it doesnot make senseto attempt
to extract and useany glottal information, becausethe parametersare likely to be
noisy. Soin SIV, sud noisy parameterscan even degradeperformanceas obsened
with this database.One possiblesolution would be to determinesud speakersand
useonly the AR parameters.Soin Table 4.2, the featuresthat producedthe lower
EER betweenthe third and fourth columnswould be usedin the veri cation for
eah spealer. This new approad improvesthe EER only slightly, to 19.55%,but
by almost 14%for breathy spealer AMSLH. As obsened in Section4.1.2,spealers
commonlyvary speet characteristicssud as breathiness,thereforemore extensive
training may be requiredto determinethe typical breathinessof the spealers.

A related drawbadk to the real-time AFRIF systemwasthe needfor automatic
pitch detection, which is known to bea di cult problemthat requiressophisticated

logic, asdiscussedn Section2.5.4. Again, breathy spealers preser 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 inconsistert) closed-glottis intervals, inaccurate glottal
waveforms, as compared to those obtained in Section 4.1 using manual pitch
detection, were often obsened. As shown in Section 4.1.2, more accurate
glottal waveformscan be achieved for high pitched speakersby analyzingthe speet
when sampled at higher rates. Using glottal waveforms obtained from AFRIF
estimation on speed from high pitched spealer CFKGB sampledat 22.050kHz
improved EER by 3.69%. Other notable improvemens of 2.73%and 3.44% were
achieved using the higher sampling rate for spealkers TMMCM and CMRWT,
respectively. As obsened in the last column of Table 4.2, although the EER for
most of the spealers actually degradedusing the speet sampledat 22.05kHz (re-
sulting in an overall EER of 23%), improvemerts 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 a,, | EER a,, & 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
CFILG child female 15.04 22.98 25.81
TMIMM 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 | seniorfemale| 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

130



Chapter 5

Summary

The AFRIF (Adaptive Forced RespnselnverseFiltering) procedurehas been
proposedasan approad for extracting vocal tract and vocal cord information from
a speet signal. In the AFRIF procedure,the vocal tract information is represeted
by autoregressie (AR) coe cien ts asin classicalLPC analysis,and the vocal cord
information is represeted by an estimate of the classicalglottal waveform. Unlike
in speed processingsystemscurrernly usedto extract this information howewer, an
adaptive lter is usedin the AFRIF procedureto derive the AR coe cients, and
the glottal signal is extracted from the time-varying coe cien ts rather than from
the prediction residual.

Although the approad alsoextracts a singlevector of autoregressie 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 Iter, and by then ltering it through the time-
invariant inverse lter de ned by the autoregressie coe cien ts that represen the
vocal tract for the respective frame. In e ect, the AFRIF proceduretakesadvantage
of the fast corvergencepropertiesof adaptive Itering to modelthe nonstationarities
due to the vocal tract aswell asthe rapidly time-varying vocal cord behavior.

The AFRIF procedurewas evaluated by estimating the glottal waveform from
speet generatedby a formant syrthesizer, and was able to closely model the
input glottal waveform. Glottal signals extracted from the speet of seeral
spealerswere alsoanalyzed. The spee®t modeling performancewas veri ed in this
caseby performing AFRIF analysison speed that wassynthesizedusingthe glottal
waveform and vocal tract estimates obtained in an initial AFRIF
analysis performed on the original human speet. Glottal waveform estimateson
the synthesizedspeet were achieved that closelymatched those from the original
human speed. Although many convertional glottal waveformextraction approates
assumehighly cortrolled recording sessionsthe AFRIF procedure demonstrated
that successfulglottal waveform modeling can be adiieved in more natural
conditions without the need for special rooms, recording equipmen, or manual
analysisintervertion. Hence,the AFRIF procedurewas shavn to be a valuable

candidate for glottal waveform modeling. Finally, the e ectivenessof the features,
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extracted by the proposedprocedure,at distinguishing speakerswasevaluated using
a simple spealer identit y veri cation approad), 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 speet databasewas collectedfrom
a church congregationin Camarillo, California, and cortains speet samplesfrom
a diverse group of speakers born and raised in various regions acrossthe United
States. The subjects consistedof 13 boys aged4 to 16, 5 girls aged7 to 17,7 men
aged38to 82,and 4 womenaged28to 75 yearsof age. Each subject is categorized
(and labeled) accordingto their age and sex as either a senior male (SM), senior
female(SF) (for thoseages65 and over), adult male (AM), adult female(AF) (for
thoseages20to 64), teenagemale (TM), teenagefemale(TF) (for thoseagesl3to
19), male child (CM) or femalechild (CF) (for thoseunder 13 yearsof age).

The vocabulary usedfor this databaseis givenin Table5.1. It is a subsetof the
phonetically diversewords usedby Velius[59]. Thesewords wererecited by a given
subject once per session. Subjects took part in ten recording sessions.Collection

occurred over a six morth period.

rich | shoes| home| full | wheat | egg| dove | toy | three | nine
zero| two ve | one| eigh | six | clear| oh | sewen | four

Figure 5.1: Databasevocabulary.
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Recordingswere performed in a quiet room, with a 16 bit sound card, at a
samplingrate of 22.05kHz. The digital recordingswere scaledand decimatedto 8
kHz using four multirate FIR Iter stageswith resamplingfactors of 2=3, 4=3, 5=7
and 4=7. Automatic endpoint detection was performed on the decimated speed,
removing most of the nonspeet sectionsfrom the recordings. The parametersof
this endpoint detectionroutine (documened in [3]) wereset consenatively to avoid
the removal of speet. The endpoint detectedspeet was usedasthe input data to

the analysisalgorithm.
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