
Abstract

Speaker veri¯cation systemssolve the problem of verifying whether a given

utterance comesfrom a claimed speaker. This problem is important be-

causean accuratespeaker veri¯cation systemcan be applied to many secu-

rit y systems.Comparing to other biometric methods like ¯ngerprint or face

recognition,speaker veri¯cation systemsdo not requireexpensive specialized

equipments and are e®ective especially for remote identit y veri¯cation. Pre-

viously, Renoylds et al. have proposeda speaker veri¯cation system using

Gaussianmixture model [8], but their system is incomplete becausetheir

systemneedsa set of background speaker models,which are constructedus-

ing a large speech databaseof a variety of speakers. It may not be feasible

to obtain such a databasein the real world. In this thesis, I proposea new

solution called OSCILLO, for speaker veri¯cation. By applying tolerance

interval technique in statistics, OSCILLO can verify a speaker's ID without

background speaker models. This greatly reducesthe sizeof the whole sys-

tem and the time for both training and testing. We compareOSCILLO and

Reynolds'method using three standard speech databases:TCC-300, TIMIT

and NIST. The experimental results show that OSCILLO performs well for

all databases.
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Chapter 1

In tro duction

1.1 Motiv ation

Speaker veri¯cation systemssolve 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 speech recognition systems.

Speaker veri¯cation is one of many applications that involve open-set

classi¯cation. In close-setclassi¯cation, a system is trained to classify an

object into a ¯nite set of pre-de¯nedclasses.During the training, the system

gets to seeexamplesfrom all classes.By contrast, in open-setclassi¯cation,

a systemis required to recognizean object from a classthat is unknown to

the systemat the training time. This is particularly di±cult for classi¯ers

that generateseparationboundariesbetweenclasses,such as decisiontrees,
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Bayesianclassi¯ers,multi-layeredneural networks, support vector machines,

and many other well-known classi¯cation approaches.

Sincea speaker veri¯cation systemmust accurately reject a speaker un-

known to the system at the training time, a complete speaker veri¯cation

must deal with open-setclassi¯cation problem. This thesis presents a new

approach 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 speech waves. This technique

will make it possibleto verify the identit y of personsaccessingthe system,

that is, implementing accesscontrol by voice, in various applications.

LawrenceKersta madethe ¯rst major stepfrom speaker recognitionwhen

hedevelopedspectrographicvoiceveri¯cation at Bell Labs in the early 1960s.

He introduced the term voiceprint for a spectrogram, which was generated

by a complex electro-mechanical device, and his veri¯cation algorithm was

basedupon visual comparisonof these voiceprints [5]. Although the term

voiceprint is a misnomer [1] and visual voiceprint comparisoncannot cope

with the intrinsic physical and linguistic variation in speech, the work by

Kersta paved the way for automatic speaker veri¯cation.
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Speaker recognitioncanbecategorizedinto text-dependentand text-independent

methods. The former requiresthe speaker to provide utterancesof the same

text for both training and recognition, while the latter do not rely on a

speci¯c text being spoken.

Speaker recognition can alsobe categorizedinto speaker identi¯c ation or

speaker veri¯cation. Speaker identi¯cation is the processof determining from

which of the registeredspeakersa givenutterancecomes.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 identit y

claim of a speaker are consideredto be speaker veri¯cation.

Speaker identi¯cation can then 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-setspeaker identi¯cation is the sameas speaker veri¯cation.

In this thesis,we focuson the development of a text-independent 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 claimedspeaker, a training system

will take the speakers' speech samplesas the input to construct a reference
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Figure 1.1: Architecture of a speaker veri¯cation system

template or model. Second,an identit y claim is madeby an unknown speaker

and an utteranceof the unknown speaker is comparedwith the model for the

speaker whoseidentit y is claimed. If the match is above a certain threshold,

the identit y is veri¯ed. The architecture is given in Figure 1.1.

1.2.3 Previous Work

In this subsection,we will brie°y introduce somemethods that have been

implemented as speaker veri¯cation systems,including long-term statistics-

basedmethods [2], vector quantization-basedmethods [2] and GaussianMix-

ture Model basedmethods [10].

Long-term methods samplestatistics of variousspectral features,such as

the meanand varianceof spectral featuresover a seriesof utterances. How-

ever, long-term spectral averagesare sensitive to the channel e®ectbecause

thesestatistics are extremecondensationsof the spectral characteristicsof a

speaker's utterances.
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VQ(vector quantization) methods usecodebookswhich consistof a small

number of representativ e feature vectors that are usedas an e±cient means

of characterizing speaker-speci¯c features. A speaker-speci¯c codebook is

generatedby clustering the training feature vectorsof each speaker.

GMM (Gaussianmixture model) methods usea number of Gassianmod-

els to represent a speaker's acoustic classes.The models are combined by

computing the weighted sum of their outputs. Each Gaussianmodel and its

weight are estimatedby the EM algorithm [9].

Thesemethods have beenapplied to the text-independent speaker veri¯-

cation problems. Applying the samefeature extraction process,thesemeth-

ods have beencomparedempirically in terms of their veri¯cation accuracies.

The results show that GMM is the most e®ective method for both speaker

veri¯cation and speaker identi¯cation. We will describe this approach in

details in Chapter 2.

1.3 Organization

This thesis is organizedas follows. In Chapter 2, we will describe the Gaus-

sian Mixture Model in details and a generalapproach to speaker veri¯ca-

tion system basedon GMM. Chapter 3 presents our new approach, called

OSCILLO, which is also basedon GMM but applies the tolerance interval

technique in statistics to allow for open-setclassi¯cation. Chapter 4 com-
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pares the general GMM basedspeaker veri¯cation system and OSCILLO

using a variety of benchmark speech 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 thesis in the last chapter.
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Chapter 2

Gaussian Mixture Mo del

In this chapter, we introduce the Gaussian Mixture Model (GMM) [9].

Mixture Models are a type of density model which comprisesof a number

of component functions, usually Gaussian. Thesecomponent functions are

combined to provide a multimodal density. This is a method which hasbeen

proved to be the most successfulapproach for the close-set,text-independent

speaker identi¯cation system. Section 2.1describesthe mixture model. Sec-

tion 2.2 explainswhy this method works for speaker identi¯cation and veri-

¯cation problem. At last, the algorithms that estimatethe parametersof the

model from a training databaseis described in Section 2.3 and 2.4. Section

2.5 reviewsthe generalapproach proposedby Reynolds[10], a GMM-based

speaker veri¯cation systemthat requiresto build background speaker models

in order to reject an unknown speaker.

13



2.1 Mo del Description

A Gaussianmixture density of a featurevector ~x, given the parametervector

¸ is a weighted sum of M component densities,and is given by the equation:

p(~x j ¸ ) =
MX

i =1

pi bi (~x); (2.1)

where~x is a D-dimensionalrandomvector, bi (~x); i = 1; : : : ; M arethe compo-

nent densitiesand pi ; i = 1; : : : ; M ; arethe mixture weights. Each component

density is a D-variate Gaussianfunction of the form:

bi (x) =
1

(2¼)D =2j
P

i j1=2
expf¡

1
2

(~x ¡ ~¹ i )
0
§ ¡ 1

i (~x ¡ ~¹ i )g (2.2)

with mean vector ~¹ i covariance matrix
P

i . The mixture weights satisfy

the constraint that
P M

i=1 pi = 1. The completeGaussianmixture density is

parameterizedby the meanvectors,covariancematricesand mixture weights

from all component densities. Theseparametersare collectively represented

by the notation:

¸ = f pi ; ~¹ i ; § i g: (2.3)

2.2 Wh y Gaussian Mixture Mo del

There are two principal advantages for applying Gaussianmixture densi-

ties as a representation of speaker identit y. The ¯rst is the intuitiv e notion

that the individual component densitiesof a multi-model density may model

14



Figure 2.1: Gaussianmixture model

someunderlying set of acousticclasses.Theseacousticclassesre°ect some

generalspeaker-dependent vocal tract con¯gurations that areusefulfor char-

acterizing speaker identit y. The i th acousticclasscan be represented by i th

Gaussianmodel with mean ~¹ i and covariancematrix
P

i .

The secondadvantage of using Gaussianmixture densities for speaker

identi¯cation is the empirical observation that a linear combination of Gaus-

sian basisfunctions is capableof representing a large classof sampledistri-

butions. Oneof the powerful attributes of GMM is its abilit y 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 smooth overall distribution ¯t, its

components alsoclearly detail the multi-modal nature of the density.
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Figure 2.2: Comparison of distribution modelling (a)Histogram of a sin-
gle cepstral coe±cient from a 25 second utterance by a male speaker;
(b)maximum likelihood unimodal Gaussuanmodel; (c)GMM and its 10 un-
derlying component densities[9].

2.3 Estimating GMM Parameters

Given training speech form a speaker, 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 estimation is to ¯nd the modelparameterswhich maximize

the likelihood of the training data. For a sequenceof T training vectors
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X = f ~x1; : : : ; ~xT g , the GMM likelihood can be written as

p(X j ¸ ) =
TY

t=1

p( ~x t j ¸ ): (2.4)

Thereafter, ML parameterscan be estimated by using a specializedver-

sion of the expectation-maximization (EM) algorithm. The basicidea of the

EM algorithm is, beginningwith an initial model ¸ , to estimatea newmodel

¸ , such that p(X j ¸ ) ¸ p(X j ¸ ). The new model then becomesthe initial

model for the next iteration asthe processis repeateduntil someconvergence

criterion is reached.

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

matesguarantee a monotonic increasein the model's likelihood value:

Mixture Weights:

~pi =
1
T

TX

t=1

p(i j ~x t ; ¸ ) (2.5)

Means:

~¹ i =
P T

t=1 p(i j ~x t ; ¸ ) ~x t
P T

t=1 p(i j ~x t ; ¸ )
(2.6)

Variances:

¾i
2 =

P T
t=1 p(i j ~x t ; ¸ ) ~x t

2

P T
t=1 p(i j ~x t ; ¸ )

¡ ¹ i
2 (2.7)

The a posteriori probability for acousticclassi is given by

p(i j ~x t ; ¸ ) =
pi bi ( ~x t )

P M
k=1 pkbk( ~x t )

(2.8)
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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 one in either of

theseselections. Therefore, they are best experimentally determined for a

given task. How to experimentally determine thesetwo factors is discussed

below.

Initializing: As we know, the EM algorithm can only be guaranteed

to ¯nd a local maximum likelihood model. But the likelihood equation for

a GMM has several local maxima and di®erent initial models can lead to

di®erent local maximum. In [9], several initializing methods have beencom-

pared,and the result shows that the di®erent initial modelsmay convergeto

di®erent local maxima of the likelihood function, but the di®erencebetween

the ¯nal models is insigni¯cant.

Mo del order: Determining the number of components M in a mixture

requiredto model a speaker adequatelyis an important but di±cult problem.

Choosing too few mixture components can produce a speaker model which

does not accurately model the distinguishing characteristics of a speaker's

distribution. On the other hand, choosingtoo many components may reduce

performancewhen there are a large number of model parametersrelative to

the available training data and result in excessive computational complexity

both in training and classi¯cation.
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In [9], experiments that test the relation betweenmodelorderandspeaker

veri¯cation systemperformanceare proposed.The result shows that models

must contain at least a minimum number of components to maintain good

performance. This minimum number seemsto be 16, and the increasein

performancebeginsto level out above 32 component Gaussians.

2.5 General Speaker Veri¯cation Based on GMM

2.5.1 General Approac h

The general approach proposedby Douglas Reynolds [10] for the speaker

veri¯cation systemis to apply a likelihood ratio test to an input utterance to

determine if the claimed speaker should be acceptedor rejected. Given an

utterance X = f x1; : : : ; xT g, a claimed speaker identit y with corresponding

model ¸ C and an anti-model ¸ C , the likelihood ratio is de¯ned by

Pr(X is from the claimed speaker)
Pr(X is not from the claimed speaker)

(2.9)

=
Pr (¸ C jX )
Pr (¸ ¹C jX )

(2.10)

=
Pr (X j¸ C )=Pr (X )
Pr (X j¸ ¹C )=Pr (X )

(2.11)

Discarding the constant prior probabilities for claimant and imposter speak-

ers, the likelihood ratio in the log domain becomes

¤( X ) = logp(X j¸ C ) ¡ logp(X j¸ ¹C ): (2.12)
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Figure 2.3: Speaker veri¯cation systemusing GMM[10]

The term p(X j¸ C ) is the likelihood of the utterance given it is from the

claimedspeaker and p(X j¸ ¹C ) is the likelihood of the utterancegiven it is not

from the claimed speaker. The likelihood ratio is comparedto a threshold

£ and the test speaker is acceptedif ¤( X ) > £ and rejected if ¤( X ) · £.

The likelihood ratio essentially measureshow much better the claimant's

model scoresfor the test utterance comparedto somenon-claimant model.

The decisionthreshold is then set to adjust the trade-o®betweenrejection

true claimant utterances(false rejection errors) and acceptingnon-claimant

utterances(false acceptanceerrors).

The ways to compute the terms of the likelihood ratio are described as

follows. The likelihood of the utterance given the claimedspeaker's model is

directly computedas

logp(X j¸ C ) =
1
T

TX

t=1

logp(x t j¸ C ): (2.13)
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The likelihood of the utterance given it is not from the claimed speaker is

estimatedbasedon a collectionof background speaker models. With a set of

B background speaker models,¸ C = f ¸ 1; : : : ; ¸ B g, the background speakers'

log-likelihood is computedas

logp(X j¸ ¹C ) = logf
1
B

BX

b=1

p(X j¸ b)g; (2.14)

wherep(X j¸ b) is computed as in Equation (2.13). In [10], B is set to ten.

Except for the 1
T scale,this is the joint probability density of the utterance

coming from oneof the background speakersassumingequal-likely speakers.

The use of background speakers to form various likelihood ratio tests has

beenusedin several di®erent speaker veri¯cation systems[4].

2.5.2 Background Speaker Selection

Two issuesthat arisewith the useof background speakersare:

1.The selection of the speakers.

2.The num ber of speakers to use.

Intuitiv ely, the background speakers should be selectedto represent the

population of the expectedimposters,which is in generalapplication speci¯c.

In somescenarios,wemay assumethat imposterswill only comefrom similar

sounding or at least speakers with the samegender. In a telephonebased

application , the impostersmay soundvery dissimilar to the usersthey attack
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(casual imposters). Previous systemschoose the background speakers by

selecting those whose models are the closest or the most competitiv e for

each registeredspeaker. This may be appropriate for the dedicatedimposter

scenario,but in [4], the experiments show that this makesthe systemexposed

to imposters which have very dissimilar voice characteristics. This occurs

becausethe dissimilar voice is not modeledwell by either the numerator or

denominatorof the likelihood ratio. Therefore,whenthe imposterpopulation

contains dissimilar speakers from the users,the background selectionshould

also include dissimilar as well as closespeakers.

Ideally, the number of background 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 background speakers.

The limited sizewas motivated by real-time computation considerations.

DouglasReynoldsproposeda systematicapproach to the selectionof the

background speakers [10]. In this approach, GMMs of all speakers in the

databasearecreatedusingtraining data and pair-wisedistancesbetweenthe

speaker modelsare computed. For speakers i and j with models(¸ i ; ¸ j ) and

training utterances(X i ; X j ), the distanceis de¯ned as

d(¸ i ; ¸ j ) = log
p(X i j¸ i )
p(X i j¸ j )

+ log
p(X j j¸ j )
p(X j j¸ i )

: (2.15)

The ratio p(X i j¸ i )=p(X i j¸ j ) measureshow well speaker j 's scoreswith speaker

i 's speech relative to how well speaker i 's model scoreswith his/her own

speech. The similar the models,the smaller the ratio becomes.The distance
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measureis then a symmetric combination of ratios comparingmodels¸ i and

¸ j . Then, the followed procedureis applied to selecttwo setsof background

speakers,oneset for the B=2 closest(similar) speakers,and the other for the

B=2 farthest (dissimilar) speakers.

Let F c(i ) denotethe N closestspeakersin the set of background speakers

for speaker i and B(i ) denotethe ¯nal B background speaker set. Usually, N

is set to a number greater than B=2, and in [10], N = 20. B(X ) is selected

from F c(i ) by ¯nding thoseB=2 which aremaximally spreadfrom each other.

More speci¯cally, the procedureis as follows:

1. Start by moving the closestspeaker from F n (i ) to B(i ).

Let N = N ¡ 1, B 0 = 1 whereB 0 is the current number of speakers in

B(i ).

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

c = arg max
c2F c (i )

8
<

:
1
B 0

X

b2B (i )

d(¸ b; ¸ c)
d(¸ i ; ¸ c)

9
=

;
(2.16)

N = N ¡ 1; B 0 = B 0+ 1:

3. Repeat Step 2 until B 0 = B=2.

The far speaker selectionis accomplishedby using the pair-wisedistance

measureas before,but now selectingthe maximally spread5 speakers from

the N farthest speakers,denotedasF f (i ) here. The B=2 background speak-

ersare selectedvia the following procedure:
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1. Start by moving the farthest speaker from F f (i ) to B(i ).

Let N = N ¡ 1, B 0 = 1.

2. Move speaker f from F f (i ) to B(i ), wheref is found by

f = arg max
f 2F f (i )

8
<

:
1
B 0

X

b2B (i )

d(¸ b; ¸ c) ¤ d(¸ i ; ¸ c)

9
=

;
(2.17)

N = N ¡ 1; B 0 = B 0+ 1:

3. Repeat Step 2 until B 0 = B=2.

Finally, B(i ) contains 10 (B=2+ B=2 = jB(i )j = B = 10) background speak-

ers, and the value of Equation (2.14) can be computed by the Gaussian

mixture modelsof thesebackground speakers.

2.5.3 Threshold

To make the veri¯cation systemin Figure 2.3complete,wehave to obtain the

threshold value. For training data X = f X 1; : : : ; X ng, the threshold value is

obtained by the following steps:

1. Calculate ¤( X i ) by Equation (2.12), where1 · i · n.

2. Place¤( X i ) in onesorted list and set the point on the list at which the

false acceptancerate (the percent of imposter tests above the point)

equalsthe falserejection rate (the percent 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

(speaker independent) systemperformanceusing the largestnumber of tests

available, including both claimedspeaker and imposter,and a local threshold

treats each speaker's true and imposterutterancesscoresseparately. But the

\lo cal threshold" has lower statistical signi¯cance due to the useof smaller

number of tests available per speaker.

More recently, Reynoldset al. [8] proposeda new approach to selecting

background speakers. In this new approach, a universal background model

(UBM) is establishedfrom a large speech data set, ranging from 16 to 2048

speakers. Then for di®erent claimedspeaker, the EM algorithm is applied to

adjust the weights of background speakers' models in UBM and the results

can then be usedin speaker veri¯cation. However, the authors admitted that

"there is no objective measureto determinethe right number of speakersor

amount of speech to use in training a UBM." In other words, the perfor-

manceof a speaker veri¯cation systemstill dependsheavily on the quality of

background speakers,but there is no systematicapproach to the selectionof

background speakers.
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Chapter 3

My New Approac h: OSCILLO

As we seein the previous chapter, generalspeaker veri¯cation systemwith

GMM needsa large background speaker databasefor training. A problem

of their method is how to obtain the completebackground speaker database

so that every arbitrarily claimed speaker can get their best corresponding

background speaker model. The ideal databasemay behuge,or it may takea

lot of time to ¯nd background speakers. This thesisaimsat a solution where

we can construct the veri¯cation system using only the claimed speaker's

speech data. We will describe the basic idea in Section 3.1 and details in

subsequent sections.
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Figure 3.1: Preliminary

3.1 Preliminary

Givenan utterancesamplefrom claimedspeaker A, that GMM is reliable,as-

sumingthe output scoreof GMM modelscreatedusingA's utterance should

be greater than the scorefrom a model of another speaker.

Figure 3.1 illustrates the ideaof my newapproach to speaker veri¯cation.

The notation are de¯ned as follows:

1. A claimed speaker A.

2. A speci¯c utterance sampleA0 from A.

3. Model model(A i ) constructedby sampleA i .

4. Each point on the line is the posterior probability Pr( j j model(A0)) of

model(A0) for the samplej .

The main assumption of the line in Figure 3.1 is that for the speci¯c

sampleA0:

8i; Pr(A0 j model(A i )) > Pr(A0 j model(B)) (3.1)
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wheremodel(B) is the model constructedby anotherperson'sutterancesam-

ple and model(A i ) is the model constructedby the claimed speaker's utter-

ance.

If we can ¯nd the lowest value of Pr(A0 j model(A i )), then we can take

this value as a threshold to seeif the test utterance belongsto the claimed

speaker. Then, the problembecomeshow to ¯nd the lowestvalue. In the next

section,we will introduce a statistical technique, tolerance interval analysis

[6], which helpsus to ¯nd the lower bound of Pr(A0 j model(A i )).

3.2 Tolerance In terv al Analysis[6 ]

In this section,we will de¯ne toleranceregionsin Subsection3.2.1, and ex-

plain a simplemethod to construct them from a randomsamplein Subsection

3.2.2.

3.2.1 De¯nition

For any ¯xed region R of a given population, we de¯ne the coverageof R as

the proportion of the population which lies in 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)

whereX is drawn at random from the population.
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Supposethat, for somepurposes,we would ideally like to ¯nd a region

with coverage0.5, that is, a region including 50 percent 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 0.95 that it will have coverageat least 0.5.

A tolerance region is a random region having a speci¯ed probability, say

1 ¡ ®, that its coverageis at least a speci¯ed value, say c. Various names

are given to 1 ¡ ® and c in the literature. We shall call 1 ¡ ® the con¯dence

level and c the tolerance proportion, the latter becausein somesituations it

is the minimum proportion of the population which it is consideredtolerable

to cover. We shall alsospeakof a "c toleranceregionwith con¯dence1¡ ®."

Regionswhich have this property under essentially 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 nonparametric toleranceregionsused

here.

3.2.2 Construction of Tolerance In terv als: Wilk's Metho d

Assumethat X 1; : : : ; X n are independent observations on the samedistribu-

tion, with cumulative distributed function F . Let X (1) ; : : : ; X (n) denote the

order statistics of theseobservations. Assumethat F is continuous,so that,
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with probability one, there are no ties and a unique ordering X (1) < X (2) <

: : : < X (n) exists. Let Ck be the coverageof the interval betweenX (k¡ 1) and

X (k) . Then by Equation (3.2) we have for k = 2; : : : ; n;

Ck = F (X (k)) ¡ F (X (k¡ 1)): (3.3)

(Since F was assumedcontinuous, the coverage is the same whether the

endpoints are included in the interval or not. If a speci¯c statement were

required, we would assumethat right (upper) endpoints are included, and

left (lower) endpoints are not.) We further de¯ne

C1 = F (X (1) ) (3.4)

Cn+1 = 1 ¡ F (X (n)) (3.5)

asthe coverageof the interval below X (1) and the interval above X (n) respec-

tiv ely. The de¯nition in Equation (3.3) applies also to these two intervals

oncewe de¯ne X (0) = ¡1 and X (n+1) = 1 .

Wenow haven+ 1 coverages,C1; C2; : : : ; Cn+1 , corresponding to the n+ 1

intervals into which the n samplepoints 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

construction of tolerance regions is the following. Let i 1; : : : ; is be any s

di®erent integers between 1 and n + 1 inclusive: then the sum C of the

corresponding coverages,

C = C1 + C2 + : : : + Ci s (3.6)
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has the samedistribution as the sth smallest observation in a sampleof n

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

P(C ¸ c) = n

Ã
n ¡ 1
s ¡ 1

! Z 1

c
us¡ 1(1 ¡ u)n¡ sdu (3.7)

=
s¡ 1X

k=0

Ã
n
k

!

ck(1 ¡ c)n¡ k (3.8)

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 continuous. Notice also that 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 have n ¡ 1 coverages.Thus, s = n ¡ 1

and Equation (3.8) becomes:

n¡ 2X

k=0

Ã
n
k

!

ck(1 ¡ c)n¡ k : (3.9)

In Figure 3.2, we canseethat astraining samplesizeincreases,the coverage

increaseswhen the con¯denceis ¯xed.

3.3 Training Pro cedure

Considerthe sizeof the speech databasesto beusedin our experiment, weset

20 as the number of independent samplesto obtain a toleranceregion with

coverageat least 0.8 and con¯dence level 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 secondsspeech. Therefore,for the whole training sys-

tem, we needapproximately 3.5 minutes of speech from the claimedspeaker

to construct 20 GMM models. we denote the 20 samplesas f A0; : : : ; A19g,

and let A0 to be the speci¯c utterance sample. The training procedureis as

follows:

1. Construct 20 Gaussianmixture models f model(A0); : : : ; model(A19)g
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Figure 3.3: Veri¯cation procedure

from f A0; : : : ; A19g.

2. Calculate Pr(A0 j model(A i )), 0 < i < 20.

3. Let the minimum value of Pr(A0 j model(A i )) to be our ¯nal threshold

.

3.4 Veri¯cation Pro cedure

For the input test utterance B, we ¯rst construct a Gaussianmixture model

model(B) using this sample. Then calculate the posterior probability of

model(B) for the speci¯c utterancesampleA0. Finally, comparethe posterior

probability to the threshold we just obtained. We take the test utterance as

the utterance from the claimedspeaker if the posterior probability is greater

than the threshold and not from the the claimed speaker otherwise. Figure

3.3 shows the diagram of the veri¯cation procedure.
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3.5 An Alternativ e Approac h

An alternative approach is to obtain the threshold by gathering 20 samples

from the claimed speaker, and calculate the posterior probability of each

samplerelated to a speci¯c 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 samemodel and

check if the result is greater than the threshold.

Unfortunately, the experiments show that it performs poorly. We will

explain why this is the casewith an example given in Table 3.5. In this

table, we denoteA0 as the samplefrom the claimed speaker, and B0 is the

sample from the imposter. Each row in the table shows the output score

given the sameutterance, and the last column is the identit y of utterance

in each case. SinceA has a higher scorethan B using model(A0), and vice

versa,thesetwo rows represent two successfulspeaker identi¯cation casesof

GMM.

To apply the alternative approach in speaker veri¯cation, assumethat

we use model(A0) and the threshold is set to 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(A0)) = 0:65 is greater than the threshold,

the systemwill mistakenly verify that B is the claimed speaker A, although

it is a successfulcasein speaker identi¯cation.
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Table 3.1: Why alternative approach works poorly
Pr(X j model(A0)) Pr(X j model(B0)) identit y

X 0.7 0.6 A
X 0.65 0.8 B

One may try to increasethe threshold, but in our experiments, this only

leads to higher false rejection rate. We concludedthat a GMM model can

accurately output posterior probabilities so that for di®erent speakers these

probabilities will show the relative likelihood that the input utteranceis from

a certain speaker. There might not exist an absolutevalue that allows us to

draw a decisionboundary with a threshold to verify whether the speaker is

the claimed speaker accurately.
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Chapter 4

Exp erimen tal Evaluation

4.1 Data Sets

We applied three databasesfor the experiments in this thesis. They are

TCC300, NIST, and TIMIT. These three databasesare widely used as a

benchmark of speaker recognition research. The characteristics of these

databasesare shown in Table 4.1.

TCC-300 is a collectionof microphonespeech databasesproducedcollab-

oratively by three universities in Taiwan: National Taiwan University, Na-

tional ChengKung University, National Chiao Tung University. The speech

data of each university are provided by 100speakers (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 speech

every 10ms.
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Table 4.1: Databasesfor our experiments
Database number of speakers number of speakerswe used Channel
TCC-300 300 100 microphone
TIMIT 630 168 microphone
NIST 1060 50 telephone

The TIMIT databaseallows examinationsof speaker recognition perfor-

manceunder almost ideal conditions. Each speaker in this databasecontains

10 utterancesand each utterance is about 3 seconds.

The full name of NIST database is 2000 NIST (National Institute of

Standardsand Technology) Speaker RecognitionEvaluation Corpus[7]. The

2000 NIST Speaker Recognition Evaluation is part of an ongoing seriesof

yearly evaluations conductedby NIST. The speech of each speaker is stored

in onecorresponding ¯le which contains about 10 utterances.

4.2 Evaluation

We conductedsomedata preprocessingstep on the databasesincluding fea-

ture extraction and then combine them together in one text ¯le. Therefore,

every speaker in the databasehas one corresponding text ¯le. The feature

vectors are obtained by HTK tools [11]. Each feature vector consistsof 13

features. The procedureto extract featuresfrom speech waveform is given

in Appendix A. A silenceremoving procedureis applied to ¯lter 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®erent for each databaseas shown in Table 4.2.

During the training procedure,we segmented all the vectorsinto 20 sam-

ples. Each samplecontains 1000feature vectors. But in TIMIT and NIST,

the speech data per speaker is not enoughfor 20 segments. Each speaker

in TIMIT has only about 2500 vectors, so we can get only 2 independent

samples,and the rest 18 samplesare obtained by selectrandom start points

on the vectors. Similarly, each speaker in NIST hasabout 9900vectors. We

have9 independent samplesand the remainderareobtainedby the sameway

as for TIMIT.

The Gaussianmixture model is constructedusinga C++ classlibrary [3].

This library contains more than 20 classesincluding commonly usedfeature

extraction algorithms and modelling techniques for speech recognition and

speaker veri¯cation.

We divide the programming code into three parts:

1. Training: Getting the threshold value.

2. Testing part1: Test the data from the claimed speaker and get the

value of falserejection rate.

3. Testing part2: Test the data not from the claimedspeaker and get the
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value of falseacceptancerate.

In our experiments, the selectionof the speci¯c utterance sample may

a®ectthe performanceof the system. The samplewith noisewill decrease

the accuracyof the GMM basedspeaker identi¯cation system. If the accuracy

decreasesin the speaker identi¯cation case,our speaker veri¯cation system

will not work well either. The speech in a microphone baseddatabaseis

quite clean and the system will not be a®ectedno matter which sample is

chosen. Unfortunately, it is not so ideal when we use the telephonebased

speech database. The selection of the speci¯c utterance sample becomes

important. Wehave to selectthe most suitablesampleamongthe 20samples

by comparing the deviations. The selection procedure is as follows. We

selecteach oneof the 20 samplesas the speci¯c utterance sampleiterativ ely

and calculate the posterior probabilities of the models constructed by the

remainder samples. We have 19 posterior probabilities each turn and the

deviation of thesevalueswill be calculated. The deviation is obtained by the

equation blow,

s =

s P n
i=1 x2

i ¡ n¹ 2

n
(4.1)

¹ =
1
n

nX

i =1

x i

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

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®erent number of training samples.

4.3 Comparison

First, wecomparethe performancewith di®erent number of training samples.

The result is shown in Table4.3. To test falserejection rate (FR), 500testing

samplesare used (5 sampleseach speaker). To test false acceptancerate

(FA), 5 samplesof each speaker except the claimed speaker are collected

(total 100¤99¤5 = 49500samples).The result shows that as the number of

samplesincreases,the falserejection rate decreaseand the falseacceptance

rate doesnot increasesigni¯cantly.

In the following subsections,we compareOSCILLO and the generalap-

proach using di®erent databases.

4.3.1 TCC-300

In this experiment, the generalapproach is trained by 600samples(6 samples

from each speaker). The FR is tested by 300 test samples,and FA is tested

by 29700(100claimedspeakers*99imposters*3samples)samples.The value

of OSCILLO approach is the sameas Table 4.3.
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FR FA
Generalapproach 16.6% 1.2%

OSCILLO 5.6% 0.1%

Table 4.4: Experimental result useTCC-300 database.

FR FA
Generalapproach EER=0.24%

OSCILLO 5% 0.3%

Table 4.5: Experimental result useTIMIT database.

4.3.2 TIMIT

In OSCILLO approach case,the FR is tested by 1680(10 samplesfor each

speaker)test samples,and FA is tested by 28056(168 claimed speakers*167

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

[10].

4.3.3 NIST

The generalapproach is trained by 300samples(6 samplesfrom each speaker).

The FR is tested by 100(50claimed speakers*2 samples)test samples,and

FA is testedby 49500(50 claimedspeakers*49imposters*2samples)samples.

In OSCILLO approach case,the FR is tested by 500 (10 samplesfor each

speaker) test samples,and FA is tested by 22050(50 claimed speakers*49

imposters*9samples)samples.

We ¯nd the result is not as good as shown in Renoylds' paper [10]. The
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FN FP
General approach
(150 samples for
training)

24% 6.5%

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

Table 4.6: Experimental result useNIST database.

TIME
Generalapproach 53.7minutes

OSCILLO 59.65seconds

Table 4.7: Comparing the time taken for training.

reasonmight be that the databaseswe use cannot o®ergood selectionsof

the background speakers or the number of true and false data we o®erto

the generalapproach for training is unbalancedor insu±cient. We alsoshow

the time taken for training and testing in Table 4.3.3and Table 4.3.3using

TCC-300.

At last, we are going to comparethe generalapproach and OSCILLO in

the application of preventing private copy. When a customerbuy a speci¯c

product, we wish that he can enroll his identit y to our server beforestarting

to use the product. Then we wish that only the owner of the product can

useit. The systemprogresswill be as follows and shown in Figure 4.1:

TIME
Generalapproach 20seconds

OSCILLO 3.665seconds

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

1. The customerupload his speech ¯le into our server.

2. The server progressthe training procedureand generatesomeinforma-

tion. The information will be downloadedby the buyer and combined

with the original product to accomplishthe speaker veri¯cation system.

The information which hasto be downloadedusing the generalapproach

includes the whole background models and the threshold. But using OS-

CILLO, the customeronly needto download the threshold value . Appar-

ently our approach, OSCILLO, is more e±cient in this application.

43



Chapter 5

Applications

5.1 Poten tial Applications

Speaker veri¯cation hasbeenapplied in many domains. The most important

domain is security applications. When speech of a visitor is available and

security is an issue,speaker veri¯cation canbedeployed to verify the visitor's

identit y. We will introducesomeapplications below:

i. Voice security system can be used for the quick accessto doors, car

protection against thefts, the protection of electronicsystemslike TV,

video and the protection of computers.

ii. One of the biggestmarkets for speaker veri¯cation is secureaccessto

servicesvia the telephone,including homeshopping,homebanking and

telecomservices.
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iii. Detection and tracking of a speaker in a (telephone) conversation be-

tweentwo or morespeakersis a relatively newareaof research, but has

a large number of possibleapplications, including speaker indexing of

large audio archivesand real-time subtitling of TV broadcasts.

iv. In a forensiccontext, 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

conversation.

v. Another market is secureaccessto information which can be obtained

through the internet.

vi. Monitoring is another important application. Speaker veri¯cation is

applied to monitor the whereabouts of personswho are not allowed to

travel freely, for examplerehabilitating prisoners.

vii. preventing private copy that we have described in the last chapter.

Over the above are the applications of speaker veri¯cation system. An-

other important contribution of OSCILLO is that it can be used the solve

the open-setproblem in speaker identi¯cation system. Thus, the domains

that speaker recognition systemcan be applied becomemore extensive.
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5.2 Remaining Issues

The biggestproblem we su®eredis that the data of onespeaker in presenting

databasesis usually insu±cient. This problem also causesthe inconvenient

of claimed speakers that they have to speak more sentencesto enroll their

identit y. 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 generalapproach can easilyget good

performanceusing only a shorter test utterance of about 5 secondsor even

3 seconds.

All speaker recognitionsystemshave two areaswherefuture research can

improve [8]. One is that the current systemsrely on low-level acoustic in-

formation. But, speaker and channel information are mixed together and it

is di±cult to separatethem from each other. The performanceof the sys-

temsdegradeswhenthe microphoneor acousticenvironment changebetween

training data and recognitiondata. The state-of-the-art channelequalization

method can not solve the gap betweenmatched and mismatched conditions.

The other areais incorporating higher levelsof information, such asword

usages,into the decisionmaking process.The challengesare to ¯nd reliable

extractionsand e±cient useof the higher-level of information from the speech

signal.
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Chapter 6

Conclusion

In this thesis, The open set classi¯cation based on tolerance interval for

speaker veri¯cation system has been proposed. In fact, the speaker veri-

¯cation problem itself is an instance of open-set classi¯cation. The only

di®erenceis that the speaker veri¯cation system has just one class in the

known set and in most open set classi¯cation applications, the known set

usually contains many classes.

Setting a threshold value which determineswhether the test utterance

should be acceptedor rejected is the most popular solution for the speaker

veri¯cation system. OSCILLO provides a preliminary step toward the solu-

tion. It can be implemented easilyand alsohasgood performance.We hope

that it can help the speech technology to be put in usewidely earlier.
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App endix A

Feature Extraction

The input speech waveform has to be transformed into a sequenceof pa-

rameter vectors. This processis required to as " feature extraction" and is

critical to the performanceof a speaker recognition. The processof feature

extraction after years of studies in digital signal processinghas been stan-

dardized[11] and The over all processis illustrated in Figure A.1 which shows

the sampledwaveform being converted into a sequenceof parameterblocks.

The input speech has to be sampledby the windowing process. Normally,

the window sizewill be larger than the framerate sothat successive windows

overlap as in Figure A.1.
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Figure A.1: Speech encoding process[11]

A.1 Filterbank Analysis

The human ear resolves frequenciesnon-linearly acrossthe audio spectrum

and empirical evidencesuggeststhat designinga front-end to operate in a

similar non-linear manner improvesrecognition performance.A popular al-

ternative to linear prediction basedanalysis is therefore ¯lterbank analysis

sincethis provides a much more straightforward route to obtaining the de-

sired non-linear frequencyresolution.

A simple Fourier transform based¯lterbank is designedto give approx-

imately equal resolution on a mel-scale. Figure A.2 illustrates the general

form of this ¯lterbank. As can be seen,the ¯lters usedare triangular and
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Figure A.2: Mel-scale¯lter bank[11]

they are equally spacedalong the mel-scalewhich is de¯ned by

M el(f ) = 2596log10f 1 +
f

700
g: (A.1)

To implement this ¯lterbank, the window of speech data is transformedusing

a Fourier transform and the magnitude is taken. The magnitude coe±cients

are then binned by correlating them with each triangular ¯lter. Herebinning

meansthat each FFT magnitude coe±cient is multiplied by the correspond-

ing ¯lter gain and the results accumulated. Thus, each bin holds a weighted

sum representing the spectral magnitude in that ¯lterbank channel.
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App endix B

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

P(C ¸ c) = n

Ã
n ¡ 1
s ¡ 1

! Z 1

c
us¡ 1(1 ¡ u)n¡ sdu (B.1)

= n

Ã
n ¡ 1
s ¡ 1

! Z 1

c
us¡ 1 d(¡ (1 ¡ u)n¡ s+1 )

n ¡ s + 1
(B.2)

= n

Ã
n ¡ 1
s ¡ 1

! 8
<

:
us¡ 1 ¡ (1 ¡ u)n¡ s+1

n ¡ s + 1

¯
¯
¯
¯
¯

1

c

¡
Z 1

c

¡ (1 ¡ u)n¡ s+1

n ¡ s + 1
dus¡ 1

9
=

;
(B.3)

= n

Ã
n ¡ 1
s ¡ 1

! (

cs¡ 1 (1 ¡ c)n¡ s¡ 1

n ¡ s + 1
+

s ¡ 1
n ¡ s + 1

Z 1

c
(1 ¡ u)n¡ s+1 us¡ 2dus¡ 1

)

=
n(n ¡ 1)!

(s ¡ 1)!(n ¡ s + 1)!(n ¡ s + 1)
cs¡ 1(1 ¡ c)n¡ s+1 (B.4)

+
n(n ¡ 1)!(s ¡ 1)

(s ¡ 1)!(n ¡ s)!(n ¡ s + 1)

Z 1

c
(1 ¡ u)n¡ s+1 us¡ 2dus¡ 1

=
n!

(s ¡ 1)!(n ¡ s + 1)!
cs¡ 1(1 ¡ c)n¡ s+1 (B.5)

+
n(n ¡ 1)!

(s ¡ 2)!(n ¡ s + 1)!

Z 1

c
(1 ¡ u)n¡ s+1 us¡ 2dus¡ 1
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=

Ã
n

s ¡ 1

!

cs¡ 1(1 ¡ c)n¡ s+1 (B.6)

+ n

Ã
n ¡ 1
s ¡ 2

! Z 1

c
us¡ 2(1 ¡ u)n¡ s+1 du

=
s¡ 1X

k=0

Ã
n
k

!

ck(1 ¡ c)n¡ k (B.7)

The seconditem in Equation (B.6) is continually decomposedby the previous

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