Abstract

Spealer veri cation systemssolwe the problem of verifying whether a given
utterance comesfrom a claimed spealker. This problem is important be-
causean accurate speaker veri cation systemcan be applied to many secu-
rity systems.Comparingto other biometric methods like ngerprint or face
recognition, spealer veri cation systemsdo not require expensiwe specialized
equipmerts and are e®ectie esgecially for remote idertity veri cation. Pre-
viously, Rengylds et al. have proposeda speaker veri cation systemusing
Gaussianmixture model [8], but their systemis incomplete becausetheir
systemneedsa set of badkground speaker models, which are constructedus-
ing a large speed databaseof a variety of spealers. It may not be feasible
to obtain sud a databasein the real world. In this thesis,| proposea new
solution called OSCILLO, for spealer veri cation. By applying tolerance
interval technique in statistics, OSCILLO can verify a spealer's ID without

badkground spealer models. This greatly reducesthe size of the whole sys-
tem and the time for both training and testing. We compareOSCILLO and
Reynolds' method using three standard speet databases:TCC-300, TIMIT

and NIST. The experimertal results shav that OSCILLO performswell for

all databases.
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Chapter 1

Intro duction

1.1 Motiv ation

Spealer veri cation systemssolwe the problem of verifying whether a given
utterance comesfrom a claimed speaker. An accurate speaker veri cation
system can be applied to many security systemsas well as promote the

accuracyof speet recognition systems.

Spealer veri cation is one of many applications that involve open-set
classi cation. In close-setclassi cation, a systemis trained to classify an
object into a nite setof pre-de nedclassesDuring the training, the system
getsto seeexamplesfrom all classes.By cortrast, in open-setclassi cation,
a systemis required to recognizean object from a classthat is unknown to
the systemat the training time. This is particularly dixcult for classi ers

that generateseparationboundariesbetweenclassessud as decisiontrees,



Bayesianclassi ers, multi-la yered neural networks, support vector macines,

and many other well-known classi cation approades.

Sincea spealer veri cation systemmust accurately reject a speaker un-
known to the systemat the training time, a complete spealer veri cation
must deal with open-setclassi cation problem. This thesis presens a new

approad to open-setclassi cation for speaker veri cation problem.

1.2 Speaker Veri cation
1.2.1 Categories of Speaker Recognition Problems

Speaker recognition is the processof automatically recognizingwho is speak-
ing on the basisof information obtained from speet waves. This technique
will make it possibleto verify the identity of personsaccessinghe system,

that is, implemerting accessortrol by voice,in various applications.

LawrenceKersta madethe rst major stepfrom speaker recognitionwhen
he deweloped spectrographicvoiceveri cation at Bell Labsin the early 1960s.
He introduced the term voiceprint for a spectrogram, which was generated
by a complex electro-mebanical device, and his veri cation algorithm was
basedupon visual comparisonof these voiceprints [5]. Although the term
voiceprirt is a misnomer [1] and visual voiceprint comparisoncannot cope
with the intrinsic physical and linguistic variation in speed, the work by

Kersta paved the way for automatic spealer veri cation.
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Spealer recognitioncanbe categorizednto text-degendentand text-independent
methods. The former requiresthe spealer to provide utterancesof the same
text for both training and recognition, while the latter do not rely on a

speci ¢ text being spoken.

Spealer recognition can alsobe categorizedinto speaker identi ¢ ation or
speaker veri cation. Spealeridenti cation isthe processof determining from
which of the registeredspeakersa given utterance comes.Speaker veri cation
is the processof acceptingor rejecting the identit y claim of a speaker. Most
of the applications in which voice is used as a key to con rm the identity

claim of a spealer are consideredto be spealer veri cation.

Spealer identi cation canthen be categorizedinto open-set or close-set
Open-setidenti cation meansthe systemhasto identify the data from classes
that were not part of the training set data (the closeset). The problem of

open-setspealer iderti cation is the sameas spealer veri cation.

In this thesis,we focuson the dewelopmer of a text-independert speaker

veri cation system.

1.2.2 Arc hitecture of Speaker Veri cation Systems

Generally speaking, the architecture of a speaker veri cation systemcan be
separatedinto two parts [2]. First, givena claimedspealer, a training system

will take the speakers' speet samplesas the input to construct a reference
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Figure 1.1: Architecture of a spealer veri cation system

template or model. Secondan identit y claim is madeby an unknown speaker
and an utterance of the unknown spealer is comparedwith the model for the
speaker whoseidentit y is claimed. If the match is above a certain threshold,

the identity is veri ed. The architecture is givenin Figure 1.1.

1.2.3 Previous Work

In this subsection,we will brie°y introduce somemethods that have been
implemerted as spealer veri cation systems,including long-term statistics-
basedmethods [2], vector quantization-basedmethods [2] and GaussianMix-

ture Model basedmethods [10].

Long-term methods samplestatistics of various spectral features,sud as
the meanand variance of spectral featuresover a seriesof utterances. How-
ewer, long-term spectral averagesare sensitive to the channel e®ectbecause
thesestatistics are extreme condensationsof the spectral characteristicsof a

spealer's utterances.
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VQ(vector quartization) methods usecodebooks which consistof a small
number of represemativ e feature vectorsthat are usedas an excient means
of characterizing speaker-speci ¢ features. A speaker-speci ¢ codebook is

generatedby clustering the training feature vectorsof eat spealer.

GMM (Gaussianmixture model) methods usea number of Gassianmod-
els to represen a speaker's acoustic classes. The models are conbined by
computing the weighted sum of their outputs. Each Gaussianmodel and its

weight are estimated by the EM algorithm [9].

Thesemethods have beenapplied to the text-independert spealer veri -
cation problems. Applying the samefeature extraction processthesemeth-
ods have beencomparedempirically in terms of their veri cation accuracies.
The results shav that GMM is the most e®ective method for both spealer
veri cation and spealer identi cation. We will describe this approad in

details in Chapter 2.

1.3 Organization

This thesisis organizedasfollows. In Chapter 2, we will descrike the Gaus-
sian Mixture Model in details and a generalapproad to speaker veri ca-
tion systembasedon GMM. Chapter 3 presens our new approad, called
OSCILLO, which is also basedon GMM but appliesthe toleranceinterval

technique in statistics to allow for open-setclassi cation. Chapter 4 com-
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pares the general GMM based speaker veri cation system and OSCILLO
using a variety of bendimark speet databases.In Chapter 5, we derive the
applications of speaker veri cation systemsand someremaining issuesif we
want to apply OSCILLO in practical applications. Finally, we summarize

the conclusionsof this thesisin the last chapter.
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Chapter 2

Gaussian Mixture Mo del

In this chapter, we introduce the GaussianMixture Model (GMM) [9].
Mixture Models are a type of density model which comprisesof a number
of componert functions, usually Gaussian. These componert functions are
conbined to provide a multimo dal density. This is a method which hasbeen
provedto bethe most successfuapproad for the close-setiext-independen
spealker iderti cation system. Section 2.1 describesthe mixture model. Sec-
tion 2.2 explainswhy this method works for spealer identi cation and veri-
“cation problem. At last, the algorithms that estimatethe parametersof the
model from a training databaseis descritedin Section 2.3and 2.4. Section
2.5 reviewsthe generalapproat proposedby Reynolds[10, a GMM-based
spealer veri cation systemthat requiresto build badkground speaker models

in order to reject an unknown spealer.
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2.1 Mo del Description

A Gaussianmixture density of a feature vector x, giventhe parametervector

, isaweighted sumof M componert densities,and is given by the equation:

_ M
pxj.) = ph(x); (2.1)

i=1

density is a D -variate Gaussianfunction of the form:

b(x) =

(zvaD% Py O SO0 S g (22)

with mean vector »~ covariance matrix P . The mixture weights satisfy
the constrairt that i M. p = 1. The complete Gaussianmixture density is
parameterizedby the meanvectors,covariancematricesand mixture weights
from all component densities. Theseparametersare collectively represeted

by the notation:

, = fpi % 8io: (2.3)

2.2 Why Gaussian Mixture Mo del

There are two principal advantages for applying Gaussian mixture densi-
ties as a represetation of speaker identity. The rst is the intuitiv e notion

that the individual componert densitiesof a multi-mo del density may model

14



—p(X| A)

Figure 2.1: Gaussianmixture model

someunderlying set of acoustic classes.Theseacoustic classege’ect some
generalspeaker-dependert vocal tract con gurations that are usefulfor char-
acterizing spealer idertity. The ith acousticclasscan be represeted by ith

. . . . P
Gaussianmodel with mean; and covariancematrix ;.

The secondadvantage of using Gaussianmixture densitiesfor speaker
identi cation is the empirical obsenation that a linear combination of Gaus-
sian basisfunctions is capableof represeting a large classof sampledistri-
butions. One of the powerful attributes of GMM s its ability to form smooth
approximations to arbitrarily-shaped densities. In Figure 2.2, we compare
the densitiesobtained using a unimodal Gaussianmodel, and a GMM den-
sity curve. GMM not only provides a smaoth overall distribution t, its

componerts also clearly detail the multi-mo dal nature of the density.
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Figure 2.2: Comparison of distribution modelling (a)Histogram of a sin-
gle cepstral coetcient from a 25 second utterance by a male spealer;
(b)maximum likelihood unimodal Gaussuanmodel; (c)GMM and its 10 un-
derlying componert densities[9].

2.3 Estimating GMM Parameters

Given training speed form a spealer, the goal of speaker model training is
to estimate the parameter vector , for GMM. There are many techniques
available for estimating the parametersof a GMM. The most popular and

will-establishedmethod is by maximum likelihood (ML) estimation.

The aim of ML estimationisto nd the model parameterswhich maximize

the likelihood of the training data. For a sequenceof T training vectors

16



. Y .
pXj,)= pO&j,): (2.4)
t=1
Thereafter, ML parameterscan be estimated by using a specializedver-
sion of the expectation-maximization (EM) algorithm. The basicidea of the
EM algorithm is, beginningwith aninitial model , , to estimatea new model

L, sudhthat p(X j,). p(X j.). The newmodel then becomeshe initial

5

model for the next iteration asthe processs repeateduntil somecorvergence

criterion is readed.

On ead EM iteration, the following estimatesare evaluated. Theseesti-

mates guarartee a monotonic increasein the model's likelihood value:

Mixture Weights:
p(i j x5, ) (2.5)

Means: P
=1 P %, )

i)

TN

(2.6)

Variances: b

L 2
1 PG

Y42 = —
tT=1 pli j x:,)

(2.7)

The a posteriori probability for acousticclassi is given by

P o 1 [0
pi j x;,) = Pm (2.8)

17



2.4 Algorithmic Issues

Two factors in training a Gaussianmixture speaker model are the order M
of the mixture and how to initialize the model parametersprior to the EM
algorithm. There is no reliable theoretical method to guide onein either of
these selections. Therefore, they are best experimertally determined for a
given task. How to experimertally determinethesetwo factorsis discussed

below.

Initializing: ~ As we know, the EM algorithm can only be guararteed
to nd a local maximum likelihood model. But the likelihood equation for
a GMM has se\eral local maxima and di®eren initial models can lead to
di®eren local maximum. In [9], seweralinitializing methods have beencom-
pared, and the result shavs that the di®erer initial modelsmay convergeto
di®eren local maxima of the likelihood function, but the di®erencebetween

the nal modelsis insigni cant.

Mo del order: Determining the number of componeris M in a mixture
requiredto model a speaker adequatelyis animportant but dixcult problem.
Choosingtoo few mixture componerts can produce a speaker model which
does not accurately model the distinguishing characteristics of a speaker's
distribution. On the other hand, choosingtoo many componerts may reduce
performancewhen there are a large number of model parametersrelative to
the available training data and result in excessie computational complexity

both in training and classi cation.

18



In [9], experimerts that test the relation betweenmodel order and speaker
veri cation systemperformanceare proposed. The result showns that models
must cortain at least a minimum number of componerts to maintain good
performance. This minimum number seemsto be 16, and the increasein

performancebeginsto level out above 32 componert Gaussians.

2.5 General Speaker Veri cation Based on GMM
2.5.1 General Approac h

The generalapproad proposedby Douglas Reynolds [10] for the speaker
veri cation systemis to apply a likelihood ratio test to an input utteranceto

determineif the claimed speaker should be acceptedor rejected. Given an

model , ¢ and an anti-model , #, the likelihood ratio is de ned by

Pr(X is from the claimed spealer)

Pr(X is not from the claimed spealer) (29)
Pr(, ciX)
= =/ 2.10
Pr(, ¢jX) 22
_ Pr(Xj, c)=Pr(X) 2.11)

Pr(Xj, ¢)=Pr(X)
Discardingthe constart prior probabilities for claimart and imposter speak-

ers, the likelihood ratio in the log domain becomes

8(X) = logp(Xj, c) i logp(Xj, ¢): (2.12)
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Figure 2.3: Speaker veri cation systemusing GMM[10]

The term p(Xj, ¢) is the likelihood of the utterance given it is from the
claimedspeaker and p(X j, ¢) is the likelihood of the utterance givenit is not
from the claimed speaker. The likelihood ratio is comparedto a threshold
£ and the test spealer is acceptedif a(X) > £ and rejectedif a(X) - £.
The likelihood ratio essetially measureshow much better the claimart's
model scoresfor the test utterance comparedto somenon-claimart model.
The decisionthreshold is then set to adjust the trade-o®betweenrejection
true claimant utterances(false rejection errors) and acceptingnon-claimart

utterances(false acceptanceerrors).

The ways to compute the terms of the likelihood ratio are described as
follows. The likelihood of the utterance given the claimed spealer's model is

directly computed as

. 1 X .
logp(Xj, c) = T logp(xij, c): (2.13)
t=1
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The likelihood of the utterance given it is not from the claimed spealer is

estimatedbasedon a collection of background speaker models. With a set of

log-likelihood is computed as

_ 1% .
logp(Xj, ¢) = logf B P(X], n)g; (2.14)
b=1

where p(Xj, ) is computedasin Equation (2.13). In [10], B is setto ten.
Except for the Tl scale,this is the joint probability density of the utterance
coming from one of the badkground speakers assumingequal-likely spealers.
The use of badkground spealers to form various likelihood ratio tests has

beenusedin sewral di®eren speaker veri cation systemsl4].

2.5.2 Background Speaker Selection

Two issuesthat arisewith the useof badkground spealersare:

1.The selection of the speakers.

2.The number of speakers to use.

Intuitiv ely, the badkground spealers should be selectedto represen the
population of the expectedimposters,which is in generalapplication speci c.
In somescenarioswe may assumehat imposterswill only comefrom similar
sounding or at least spealkers with the samegender. In a telephonebased

application, the impostersmay soundvery dissimilar to the usersthey attack
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(casual imposters). Previous systemschoose the badkground spealers by
selecting those whose models are the closestor the most competitive for
ead registeredspeaker. This may be appropriate for the dedicatedimposter
scenario,but in [4], the experimerts show that this makesthe systemexposed
to imposterswhich have very dissimilar voice characteristics. This occurs
becausethe dissimilar voice is not modeled well by either the numerator or
denominatorof the likelihood ratio. Therefore,whenthe imposterpopulation
contains dissimilar spealersfrom the users,the badkground selectionshould

alsoinclude dissimilar aswell as closespealers.

Ideally, the number of badkground speakers should be as large as pos-
sible to better model the imposter population, but practical considerations
of computation time and storageprefer a small set of badkground spealers.

The limited sizewas motivated by real-time computation considerations.

DouglasReynoldsproposeda systematicapproad to the selectionof the
badkground speakers [10]. In this approad, GMMs of all speakersin the
databaseare createdusingtraining data and pair-wisedistancesbetweenthe
speaker modelsare computed. For spealersi andj with models(, i;, ;) and
training utterances(X;; X;), the distanceis de ned as
P(Xil, i) (X, 1),
p(Xi, j) P(Xil, i)

Theratio p(Xij, i)=p(Xi], j) measureshow well spealer | 's scoreswith spealer

d(, ;) = log + log (2.15)

i's speed relative to how well spealer i's model scoreswith his/her own

speed. The similar the models,the smallerthe ratio becomes.The distance
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measureis then a symmetric combination of ratios comparingmodels, ; and
.j- Then, the followed procedureis applied to selecttwo setsof badkground
spealers,onesetfor the B=2 closest(similar) speakers,and the other for the

B =2 farthest (dissimilar) spealers.

Let F.(i) denotethe N closestspealersin the setof badkground speakers
for speakeri and B(i) denotethe nal B badkground spealer set. Usually, N
is setto a number greaterthan B=2, and in [10], N = 20. B(X) is selected
from F(i) by nding thoseB =2 which are maximally spreadfrom ead other.

More speci cally, the procedureis as follows:

1. Start by moving the closestspealer from F (i) to B(i).
Let N = N j 1,B%= 1 whereBis the current number of speakersin

B(i).

2. Move spealer c from F(i) to B(i), wherec is found by

8 9
<1 X o d(,b,o)”
c = argmax. - ( F_’C)_ (2.16)
2F (i) B b2B (i) di,i;, o)
N = Nj LB°=B%+ 1

3. Repeat Step 2 until B°= B=2.

The far spealer selectionis accomplishedby using the pair-wise distance
measureas before, but now selectingthe maximally spread5 speakers from
the N farthest spealers,denotedasF; (i) here. The B=2 badkground speak-

ersare selectedvia the following procedure:
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1. Start by moving the farthest spealer from F; (i) to B(i).
Let N =N 1,B%= 1.

2. Move speaker f from F¢ (i) to B(i), wheref is found by
8 9
< 1 X

il d( ad( :: ) 2.17
argfgg%): Bosz(i) (.bi.c) (,n,c); ( )

N 1:B°= B+ 1:

—
I

Z
I

3. Repeat Step 2 until B°= B=2.

Finally, B(i) contains 10(B=2+ B=2= jB(i)j = B = 10) badkground speak-
ers, and the value of Equation (2.14) can be computed by the Gaussian

mixture models of thesebadkground spealers.

2.5.3 Threshold

To makethe veri cation systemin Figure 2.3complete,we haveto obtain the

obtained by the following steps:

1. Calculate a(X;) by Equation (2.12), wherel- i - n.

2. Placer(X;) in onesortedlist and setthe point on the list at which the
false acceptancerate (the percen of imposter tests above the point)
equalsthe falserejectionrate (the percen of true testsbelow the point)

to be the threshold value.
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Reynolds et al. [10 show that the \lo cal threshold" has a better per-
formancethan \global threshold”. A global threshold measuresthe overall
(spealer independer) systemperformanceusingthe largestnumber of tests
available, including both claimedspeaker and imposter, and a local threshold
treats ead speaker's true and imposter utterancesscoresseparately But the
\lo cal threshold" has lower statistical signi cance due to the use of smaller

number of tests available per spealer.

More recerly, Reynoldset al. [8] proposeda new approad to selecting
badkground spealers. In this new approad, a universal badkground model
(UBM) is establishedfrom a large speed data set, ranging from 16 to 2048
speakers. Then for di®eren claimedspealer, the EM algorithm is applied to
adjust the weights of badkground speakers' modelsin UBM and the results
canthen be usedin spealer veri cation. Howewer, the authors admitted that
“"there is no objective measureto determinethe right number of speakers or
amourt of speed to usein training a UBM." In other words, the perfor-
manceof a spealer veri cation systemstill dependsheavily on the quality of
badkground spealers, but there is no systematicapproad to the selectionof

badkground spealers.
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Chapter 3

My New Approac h: OSCILLO

As we seein the previous chapter, generalspealer veri cation systemwith

GMM needsa large badground spealer databasefor training. A problem
of their method is how to obtain the completebadkground spealer database
so that ewery arbitrarily claimed speaker can get their best correspnding
badkground spealker model. The ideal databasemay be huge,or it may takea
lot of time to nd badkground spealers. This thesisaims at a solution where
we can construct the veri cation system using only the claimed spealer's
speed data. We will descrile the basicidea in Section 3.1 and details in

subsequen sections.
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Threshold Pr(model(Ac)|A o)
| |
Models constructed by other speakers All possible models constructed

utterance samples by claimed speaker A

Figure 3.1: Preliminary

3.1 Preliminary

Givenan utterance samplefrom claimedspealer A, that GMM s reliable, as-
sumingthe output scoreof GMM modelscreatedusing A's utterance should

be greaterthan the scorefrom a model of another spealer.

Figure 3.1illustrates the idea of my newapproad to speaker veri cation.

The notation are de ned as follows:

1. A claimedspealer A.
2. A speci c utterance sampleAg from A.
3. Model model(A;) constructedby sampleA; .

4. Eadh point on the line is the posterior probability Pr(j j modelAg)) of

model(Ao) for the sample;j.
The main assumption of the line in Figure 3.1 is that for the speci c
sampleAy:

8i; Pr(Ap j model(A;)) > Pr(Ap j modelB)) (3.1
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wheremodel(B) is the model constructedby another person'sutterance sam-
ple and model(A;) is the model constructed by the claimed speaker's utter-

ance.

If we can nd the lowest value of Pr(Ao j modelA;)), then we can take
this value as a threshold to seeif the test utterance belongsto the claimed
spealker. Then, the problembecomesow to nd the lowestvalue. In the next
section, we will introduce a statistical technique, tolerance interval analysis

[6], which helpsusto nd the lower bound of Pr(Aq j modelA))).

3.2 Tolerance Interv al Analysis[6 ]

In this section,we will de ne toleranceregionsin Subsection3.2.1,and ex-
plain a simplemethod to constructthem from arandom samplein Subsection

3.2.2.

3.2.1 De nition

For any xed regionR of a given population, we de ne the coverage of R as
the proportion of the population which liesin R, that is, the proportion of
the population coveredby R. In random variable terminology, the coverage
of R is

C(R)=P(X 2 R); (3.2)

where X is drawn at random from the population.
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Supposethat, for somepurposes,we would ideally like to nd a region
with coverageO0.5, that is, a region including 50 percen of the population.
Lacking special knowledgeabout the population distribution, we cannot ac-
complish this exactly. We might be willing, instead, to de ne a region so

that there is a probability 0.95that it will have coverageat least0.5.

A tolerance region is a random region having a speci ed probability, say
1 ®, that its coverageis at least a speci ed value, say ¢. Various names
aregivento 1; ®and cin the literature. We shall call 1j ® the con dence
level and c the tolerance proportion, the latter becausan somesituations it
is the minimum proportion of the population which it is consideredolerable
to cover. We shall alsospeak of a " ¢ toleranceregionwith con dencelj ®."
Regionswhich have this property under essetially no restrictions on the
population are sometimescalled "nonparametric toleranceregions,” to dis-
tinguish them from "parametric toleranceregions,” which have the required
property aslong asthe population belongsto somespeci ed parametric fam-
ily, but not in generalotherwise. Only nonparametrictoleranceregionsused

here.

3.2.2 Construction of Tolerance Interv als: Wilk's Metho

order statistics of theseobsenations. Assumethat F is cortinuous, sothat,
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with probability one, there are no ties and a unique ordering X 1y < X <

1< Xy exists. Let Cy be the coverageof the interval betweenX ; 1) and

Ck = F(X(k)) i F(X(ki 1)): (33)

(Since F was assumedcortinuous, the coverageis the same whether the
endpoints are included in the interval or not. If a speci ¢ statemert were
required, we would assumethat right (upper) endpoints are included, and

left (lower) endpoints are not.) We further de ne
Ci=F(Xq) (3.4)

Cha1 = 1j I:(x(n)) (3-5)

asthe coverageof the interval below X 1y and the interval above X () respec-
tively. The de nition in Equation (3.3) applies alsoto thesetwo intervals

oncewede ne X = il and X4y = 1.

intervals into which the n sample points divide the real line. Thesen + 1
coveragesare random variables, and their joint distribution has a number

of interesting prosperities. A property which provides an easy method of
di®eren integers between 1l and n + 1 inclusive: then the sum C of the
correspnding coverages,

C=Ci+Cy+ 111+ G, (3.6)
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has the samedistribution asthe sth smallestobsenation in a sampleof n

from the uniform distribution on the interval (0,1) , namely
A L

— ni 1 1 si 1 . nj s
P(C, ¢=n si 1 us (1 uw)" °du (3.7)
| c
;¢1A !
= E K@i onik (3.8)
k=0

The proof of the equivalenceof Equation (3.7) and Equation (3.8) is given
in Appendix B. Notice that the distribution dependson s and n only, not
on which s integersare chosen,nor on the distribution from which the sam-
ple was drawn, as long as F is cortinuous. Notice alsothat C has a beta
distribution by Equation (3.7) and that Equation (3.8) is a left-tail binomial
probability.

When we have n samples,we will havenj 1 coverages.Thus,s=nj 1

and Equation (3.8) becomes:
A ]

E. K@i Qnik: (3.9)

2

k=0
In Figure 3.2, we canseethat astraining samplesizeincreasesthe coverage

increasesvhen the con denceis xed.

3.3 Training Pro cedure

Considerthe sizeof the speed databasego be usedin our experimert, we set
20 asthe number of independent samplesto obtain a toleranceregion with

coverageat least 0.8 and con dencelevel is 0.93. Each Gaussianmixture
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Figure 3.2: Toleranceinterval

model is trained by 1000 feature vectors and 1000 feature vectors are ex-
tracted from about 10 secondsspeed. Therefore,for the wholetraining sys-

tem, we needappraximately 3.5 minutes of speed from the claimed spealer

and let Ag to be the speci ¢ utterance sample. The training procedureis as

follows:
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Figure 3.3: Veri cation procedure

2. Calculate Pr(Ag j modelA;)), 0< i < 20.

3. Let the minimum value of Pr(Aq j modelA;)) to be our nal threshold

3.4 Veri cation Pro cedure

For the input test utterance B, we rst construct a Gaussianmixture model
modekB) using this sample. Then calculate the posterior probability of
model(B) for the speci ¢ utterancesampleA,. Finally, comparethe posterior
probability to the threshold we just obtained. We take the test utterance as
the utterance from the claimed spealer if the posterior probability is greater
than the threshold and not from the the claimed spealer otherwise. Figure

3.3 shaws the diagram of the veri cation procedure.

33



3.5 An Alternativ e Approac h

An alternative approad is to obtain the threshold by gathering 20 samples
from the claimed spealer, and calculate the posterior probability of eat
samplerelated to a speci ¢ claimed speaker model. Finally, as before, set
the smallestvalue to be the threshold. For veri cation, simply estimate the
posterior probability of an input utterance basedon the same model and

ched if the result is greaterthan the threshold.

Unfortunately, the experimerts show that it performs poorly. We will
explain why this is the casewith an example given in Table 3.5. In this
table, we denote A, asthe samplefrom the claimed speaker, and By is the
samplefrom the imposter. Eadch row in the table shavs the output score
given the sameutterance, and the last column is the identity of utterance
in ead case. SinceA has a higher scorethan B using model(A,), and vice
versa,thesetwo rows represem two successfubpealer identi cation casesof

GMM.

To apply the alternative approad in speaker veri cation, assumethat
we use modekAy) and the threshold is setto 0.6. Then in the rst case,
X is an utterance sampleof A, so X can be veri ed correctly. But in the
secondcase,sincePr(X j model(Ag)) = 0:65 is greater than the threshold,
the systemwill mistakenly verify that B is the claimed spealer A, although

it is a successfutasein speaker identi cation.
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Table 3.1: Why alternative approad works poorly
Pr(X j modelAp)) | Pr(X j model(By)) | identity
X 0.7 0.6 A

X 0.65 0.8 B

One may try to increasethe threshold, but in our experimerts, this only
leadsto higher false rejection rate. We concludedthat a GMM model can
accurately output posterior probabilities sothat for di®eren spealersthese
probabilities will show the relative likelihood that the input utteranceis from
a certain speaker. There might not exist an absolutevalue that allows usto
draw a decisionboundary with a threshold to verify whether the spealer is

the claimed spealer accurately

35



Chapter 4

Exp erimen tal Evaluation

4.1 Data Sets

We applied three databasesfor the experimerts in this thesis. They are
TCC300, NIST, and TIMIT. Thesethree databasesare widely used as a
bendimark of speaker recognition researt.. The characteristics of these

databasesare shovn in Table 4.1.

TCC-300is a collection of microphonespeet databasesproducedcollab-
oratively by three universitiesin Taiwan: National Taiwan University, Na-
tional ChengKung University, National Chiao Tung University. The speet
data of ead university are provided by 100 speakers (50 males,50 females),
and we usethe data provided by National Chiao Tung University only. The
samplingrate is 16kHz. A 30msHamming window wasapplied to the speet

every 10ms.
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Table 4.1: Databasesfor our experimerts

Database| number of speakers | number of spealerswe used| Channel
TCC-300 300 100 microphone
TIMIT 630 168 microphone
NIST 1060 50 telephone

The TIMIT databaseallows examinationsof speaker recognition perfor-
manceunder almostideal conditions. Each spealer in this databasecortains

10 utterancesand ead utterance is about 3 seconds.

The full name of NIST databaseis 2000 NIST (National Institute of
Standardsand Tednology) Speaker RecognitionEvaluation Corpus[7]. The
2000 NIST Speaker Recognition Evaluation is part of an ongoing seriesof
yearly evaluations conductedby NIST. The speed of eat spealer is stored

in one correspnding le which cortains about 10 utterances.

4.2 Evaluation

We conductedsomedata preprocessingstep on the databasesncluding fea-
ture extraction and then conmbine them togetherin onetext le. Therefore,
ewery spealer in the databasehas one correspnding text le. The feature
vectors are obtained by HTK tools [11]. Eadh feature vector consistsof 13
features. The procedureto extract featuresfrom speet waveform is given
in Appendix A. A silenceremoving procedureis applied to Iter out vectors

wherelog energyanalysisresult (the 13th feature) is below a thresholdvalue.
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Table 4.2: Threshold for silence
TCC-300 | TIMIT | NIST

Threshold 25 12 15

This threshold is di®eren for ead databaseas showvn in Table 4.2.

During the training procedure,we segmeted all the vectorsinto 20 sam-
ples. Each samplecortains 1000feature vectors. But in TIMIT and NIST,
the speet data per spealer is not enoughfor 20 segmets. Ead spealer
in TIMIT has only about 2500 vectors, so we can get only 2 independen
samples,and the rest 18 samplesare obtained by selectrandom start points
on the vectors. Similarly, eat spealer in NIST hasabout 9900vectors. We
have 9 independen samplesand the remainderare obtained by the sameway

asfor TIMIT.

The Gaussianmixture model is constructedusinga C++ classlibrary [3].
This library contains more than 20 classesncluding commonly usedfeature
extraction algorithms and modelling techniquesfor speed recognition and

spealer veri cation.

We divide the programming code into three parts:

1. Training: Getting the threshold value.

2. Testing partl: Test the data from the claimed spealer and get the

value of falserejection rate.

3. Testingpart2: Testthe data not from the claimed spealer and get the
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value of falseacceptancerate.

In our experimerts, the selectionof the speci ¢ utterance sample may
a®ectthe performanceof the system. The samplewith noisewill decrease
the accuracyofthe GMM basedspealer identi cation system. If the accuracy
decreasesn the spealer iderti cation case,our speaker veri cation system
will not work well either. The speet in a microphone baseddatabaseis
quite cleanand the systemwill not be a®ectedno matter which sampleis
chosen. Unfortunately, it is not so ideal when we usethe telephonebased
speet database. The selection of the speci ¢ utterance sample becomes
important. We haveto selectthe most suitable sampleamongthe 20 samples
by comparing the deviations. The selection procedureis as follows. We
selecteah one of the 20 samplesasthe speci ¢ utterance sampleiterativ ely
and calculate the posterior probabilities of the models constructed by the
remainder samples. We have 19 posterior probabilities ead turn and the
deviation of thesevalueswill be calculated. The deviation is obtained by the

equation blow,
S

P n 2 . 12
N X n
s = =mXime (4.1)

The smaller the deviation, the better the sampleis. The one which hasthe

smallestdeviation will be chosen.
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Number of samplesfor training | FR FA
10 14.6%| 0%
15 7.8% | 0%
20 5.6% | 0.1%

Table 4.3: Comparing di®ereh number of training samples.

4.3 Comparison

First, we comparethe performancewith di®erem number of training samples.
The resultis shavn in Table4.3. To test falserejectionrate (FR), 500testing
samplesare used (5 samplesead spealker). To test false acceptancerate
(FA), 5 samplesof ead spealer except the claimed spealer are collected
(total 100299a5 = 49500samples). The result showvs that asthe number of
samplesincreasesthe falserejection rate decreaseand the false acceptance

rate doesnot increasesigni cantly.

In the following subsectionswe compareOSCILLO and the generalap-

proad using di®erer databases.

4.3.1 TCC-300

In this experiment, the generalapproad is trained by 600sampleq6 samples
from ead spealer). The FR is tested by 300test samples,and FA is tested
by 29700(100 claimed speakers*99imposters*3samples)samples.The value
of OSCILLO approad is the sameas Table 4.3.
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FR FA
Generalapproat 16.6%/| 1.2%
OSCILLO 5.6% | 0.1%

Table 4.4: Experimental result use TCC-300 database.

FR] FA
Generalapproah EER=0.24%
OSCILLO 5% | 0.3%

Table 4.5: Experimertal result use TIMIT database.

4.3.2 TIMIT

In OSCILLO approadt case,the FR is tested by 1680(10 samplesfor ead
spealker)test samples,and FA is tested by 28056(168 claimed spealkers*167

imposters*1 samples)samples. The value of generalapproad is cited from

[10.

4.3.3 NIST

The generalapproad is trained by 300sampleq6 samplesdrom ead spealer).
The FR is tested by 100(50claimed speakers*2 samples)test samples,and
FA istestedby 49500(50 claimedspealkers*49imposters*2samples)samples.
In OSCILLO approadt case,the FR is tested by 500 (10 samplesfor eadh
spealer) test samples,and FA is tested by 22050(50 claimed speakers*49

imposters*9samples)samples.

We nd the result is not as good as shavn in Rengylds' paper [10]. The
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FN [ FP

General approah
(150 samples for | 24% | 6.5%
training)

OSCILLO 7% | 22%
OSCILLO(Selectmodel) | 4.8% | 0.9%

Table 4.6: Experimertal result useNIST database.

TIME
Generalapproad | 53.7mirutes
OSCILLO 59.65seconds

Table 4.7: Comparing the time taken for training.

reasonmight be that the databaseswe use cannot o®ergood selectionsof
the badkground spealers or the number of true and false data we o®erto
the generalapproad for training is unbalancedor insuxcient. We alsoshow
the time taken for training and testing in Table 4.3.3and Table 4.3.3 using
TCC-300.

At last, we are goingto comparethe generalapproat and OSCILLO in
the application of preverting private copy. When a customerbuy a speci ¢
product, we wish that he can enroll his idertit y to our sener beforestarting
to usethe product. Then we wish that only the owner of the product can

useit. The systemprogresswill be asfollows and shavn in Figure 4.1:

TIME
Generalapproad | 20seconds
OSCILLO 3.665seconds

Table 4.8: Comparing the time taken for testing.
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Figure 4.1: Progressof the preverting private copy system

1. The customerupload his speet Te into our sener.

2. The sener progressthe training procedureand generatesomeinforma-
tion. The information will be downloadedby the buyer and combined

with the original product to accomplishthe spealer veri cation system.

The information which hasto be downloadedusing the generalapproat
includes the whole badkground models and the threshold. But using OS-
CILLO, the customeronly needto download the threshold value . Appar-

ently our approat, OSCILLO, is more excient in this application.
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Chapter 5

Applications

5.1 Potential Applications

Spealer veri cation hasbeenappliedin many domains. The mostimportant
domain is security applications. When speed of a visitor is available and
security is anissue,spealer veri cation canbe deployedto verify the visitor's

identity. We will introduce someapplications below:

I. Voice security system can be usedfor the quick accessto doors, car
protection againstthefts, the protection of electronic systemslike TV,

video and the protection of computers.

ii. One of the biggestmarkets for speaker veri cation is secureaccesgo
servicesvia the telephone,including homeshopping,homebanking and

telecomservices.
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lii. Detection and tracking of a spealker in a (telephone) corversation be-
tweentwo or more speakersis a relatively newareaof researt, but has
a large number of possibleapplications, including spealker indexing of

large audio archivesand real-time subtitling of TV broadcasts.

iv. In a forensiccortext, speaker veri cation can be deployed in the pro-
cessingof telephonetapes, either to identify a talking suspect, or track
the time intervals where a suspect is talking in a lengthy telephone

cornversation.

v. Another market is secureaccesgo information which can be obtained

through the internet.

vi. Monitoring is another important application. Speaker veri cation is
applied to monitor the wherealouts of personswho are not allowed to

travel freely, for examplerehabilitating prisoners.

Vi

i. preverting private copy that we have described in the last chapter.

Over the above are the applications of spealker veri cation system. An-
other important cortribution of OSCILLO is that it can be usedthe solve
the open-setproblem in speaker identi cation system. Thus, the domains

that spealer recognition systemcan be applied becomemore extensie.

45



5.2 Remaining Issues

The biggestproblem we su®ereds that the data of onespealer in preserting
databasesis usually insuzcient. This problem also causesthe incorveniert
of claimed spealers that they have to speak more sertencesto enroll their
identity. A long utterance data is required for our testing is also the short-
comingthat we needto overcome.In the testing procedure,we needthe test
utterance of about 10 seconds.But the generalapproad can easilyget good
performanceusing only a shorter test utterance of about 5 secondsor even

3 seconds.

All spealer recognition systemshave two areaswherefuture researt can
improve [8]. One is that the current systemsrely on low-level acousticin-
formation. But, speaker and channelinformation are mixed together and it
is dixcult to separatethem from eat other. The performanceof the sys-
temsdegradesvhenthe microphoneor acousticenvironment changebetween
training data and recognitiondata. The state-of-the-artchannelequalization

method can not solve the gap betweenmatched and mismatdhed conditions.

The other areais incorporating higher levels of information, sud asword
usagesjnto the decisionmaking process.The challengesareto nd reliable
extractionsand excient useof the higher-lewel of information from the speed

signal.
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Chapter 6

Conclusion

In this thesis, The open set classi cation basedon tolerance interval for
speaker veri cation system has been proposed. In fact, the spealer veri-
“cation problem itself is an instance of open-setclassi cation. The only
di®erenceis that the speaker veri cation system has just one classin the
known set and in most open set classi cation applications, the known set

usually cortains many classes.

Setting a threshold value which determineswhether the test utterance
should be acceptedor rejectedis the most popular solution for the speaker
veri cation system. OSCILLO provides a preliminary step toward the solu-
tion. It canbe implemerted easilyand alsohasgood performance.We hope

that it can help the speed technologyto be put in usewidely earlier.
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App endix A

Feature Extraction

The input speed waveform hasto be transformed into a sequenceof pa-
rameter vectors. This processis required to as "feature extraction” and is
critical to the performanceof a spealer recognition. The processof feature
extraction after yearsof studiesin digital signal processinghas been stan-
dardized[11] and The over all processsillustrated in Figure A.1 which showns
the sampledwaveform being converted into a sequenceof parameter blocks.
The input speed hasto be sampledby the windowing process. Normally,
the window sizewill be largerthan the framerate sothat successig windows

overlap asin Figure A.1.
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Figure A.1: Speet encaling process[1]L

A.1 Filterbank Analysis

The human ear resoles frequenciesnon-linearly acrossthe audio spectrum
and empirical evidencesuggeststhat designinga front-end to operate in a
similar non-linear manner improves recognition performance. A popular al-
ternative to linear prediction basedanalysisis therefore Tterbank analysis
sincethis provides a much more straightforward route to obtaining the de-

sired non-linear frequencyresolution.

A simple Fourier transform based Iterbank is designedto give approx-
imately equal resolution on a mel-scale. Figure A.2 illustrates the general

form of this Tterbank. As can be seen,the lters usedare triangular and
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Figure A.2: Mel-scale Iter bank[1]]
they are equally spacedalong the mel-scalewhich is de ned by

f—g: (A.1)

Mel(f) = 2596log,,f 1 + 200

Toimplemert this Tterbank, the window of speet data is transformedusing
a Fourier transform and the magnitude is taken. The magnitude coexcients
arethen binned by correlating them with ead triangular Tter. Herebinning
meansthat eadh FFT magnitude coexcient is multiplied by the correspnd-
ing Tter gain and the results accurnrulated. Thus, ead bin holds a weighted

sum represeting the spectral magnitude in that Tterbank channel.
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App endix B

Pro of of Equation (3.7) and
Equation(3.8)

A 2
— nij 1 13'1 . ni s
P(C, ¢ = n si 1 w1 w) cdu
A | !ZC nj s+1
o Ml Tt eadG @i wheT)
osi 1l . ni s+1
A !g nj s+1 1 z nj s+l
- il T i @i WY - Li (Li wm
si 1 : ni s+1 ni s+1
. Sl ' I.. c ¢ Z|
. ni 1 il(lic”'5'1+ si 1 1
si 1l ni s+ 1 ni s+1 ¢
n(nj 1)! 1 R
= ciH(lj omi®
(si Di(nj s+ D(nj s+ 1) (i o
nni Hisi 1) %

(si Dni 9(ni s+1) c

n: i . nj s+

= (si 1)!(nj s+ 1)!(;5' '(1i o 1
n(nj 1)!

(si D(nj s+ ! ¢

1
(1i u)ni s+l usi Zdusi 1
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A 1

— n . il . nj s+l
= g1 i1 on (B.6)
A 1! z,
nij Sj 2 . nj s+l
+n~ si 2 . ul (1 u) du
;(1A !
= E K@i onik (B.7)
k=0

The secondtem in Equation (B.6) is cortinually decompsedby the previous

steps,and nally we obtain Equation (B.7)
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