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RESUMEN 

RESUMEN 
La cuestión principal abordada en esta tesis doctoral es la mejora de los sistemas 
biométricos de reconocimiento de personas a partir de la voz, proponiendo el uso de una 
nueva parametrización, que hemos denominado parametrización biométrica extendida 
dependiente de género (GDEBP en sus siglas en inglés). No se propone una ruptura 
completa respecto a los parámetros clásicos sino una nueva forma de utilizarlos y 
complementarlos. En concreto, proponemos el uso de parámetros diferentes 
dependiendo del género del locutor, ya que como es bien sabido, la voz masculina y 
femenina presentan características diferentes que deberán modelarse, por tanto, de 
diferente manera. Además complementamos los parámetros clásicos utilizados (MFFC 
extraídos de la señal de voz), con un nuevo conjunto de parámetros extraídos a partir de 
la deconstrucción de la señal de voz en sus componentes de fuente glótica (más 
relacionada con el proceso y órganos de fonación y por tanto con características físicas 
del locutor) y de tracto vocal (más relacionada con la articulación acústica y por tanto 
con el mensaje emitido). 

Para verificar la validez de esta propuesta se plantean diversos escenarios, utilizando 
diferentes bases de datos, para validar que la GDEBP permite generar una descripción 
más precisa de los locutores que los parámetros MFCC clásicos independientes del 
género. En concreto se plantean diferentes escenarios de identificación sobre texto 
restringido y texto independiente utilizando las bases de datos de HESPERIA y 
ALBAYZIN. El trabajo también se completa con la participación en dos competiciones 
internacionales de reconocimiento de locutor, NIST SRE (2010 y 2012) y MOBIO 
2013. En el primer caso debido a la naturaleza de las bases de datos utilizadas se 
obtuvieron resultados cercanos al estado del arte, mientras que en el segundo de los 
casos el sistema presentado obtuvo la mejor tasa de reconocimiento para locutores 
femeninos. 
A pesar de que el objetivo principal de esta tesis no es el estudio de sistemas de 
clasificación, sí ha sido necesario analizar el rendimiento de diferentes sistemas de 
clasificación, para ver el rendimiento de la parametrización propuesta. En concreto, se 
ha abordado el uso de sistemas de reconocimiento basados en el paradigma GMM-
UBM, supervectores e i-vectors.  

Los resultados que se presentan confirman que la utilización de características que 
permitan describir los locutores de manera más precisa es en cierto modo más 
importante que la elección del sistema de clasificación utilizado por el sistema. En este 
sentido la parametrización propuesta supone un paso adelante en la mejora de los 
sistemas de reconocimiento biométrico de personas por la voz, ya que incluso con 
sistemas de clasificación relativamente simples se consiguen tasas de reconocimiento 
realmente competitivas. 
Palabras clave: biometría, voz, reconocimiento de locutor, caracterización de locutor, 
Procesamiento digital de señal, fuente glótica, tracto vocal, separación fuente-tracto, 
GMM-UBM, Supervectores, i-vectors, Competiciones de reconocimiento de locutor. 
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ABSTRACT 

ABSTRACT 

The main question addressed in this thesis is the improvement of automatic speaker 
recognition systems, by the introduction of a new front-end module that we have called 
Gender Dependent Extended Biometric Parameterisation (GDEBP). This front-end do 
not constitute a complete break with respect to classical parameterisation techniques 
used in speaker recognition but a new way to obtain these parameters while introducing 
some complementary ones. Specifically, we propose a gender-dependent 
parameterisation, since as it is well known male and female voices have different 
characteristic, and therefore the use of different parameters to model these 
distinguishing characteristics should provide a better characterisation of speakers. 
Additionally, we propose the introduction of a new set of biometric parameters 
extracted from the components which result from the deconstruction of the voice into its 
glottal source estimate (close related to the phonation process and the involved organs, 
and therefore the physical characteristics of the speaker) and vocal tract estimate (close 
related to acoustic articulation and therefore to the spoken message). These biometric 
parameters constitute a complement to the classical MFCC extracted from the power 
spectral density of speech as a whole. 

In order to check the validity of this proposal we establish different practical scenarios, 
using different databases, so we can conclude that a GDEBP generates a more accurate 
description of speakers than classical approaches based on gender-independent MFCC. 
Specifically, we propose scenarios based on text-constrain and text-independent test 
using HESPERIA and ALBAYZIN databases. This work is also completed with the 
participation in two international speaker recognition evaluations: NIST SRE (2010 and 
2012) and MOBIO 2013, with diverse results. In the first case, due to the nature of the 
NIST databases, we obtain results closed to state-of-the-art although confirming our 
hypothesis, whereas in the MOBIO SRE we obtain the best simple system performance 
for female speakers. 

Although the study of classification systems is beyond the scope of this thesis, we found 
it necessary to analise the performance of different classification systems, in order to 
verify the effect of them on the propose parameterisation. In particular, we have 
addressed the use of speaker recognition systems based on the GMM-UBM paradigm, 
supervectors and i-vectors. 
The presented results confirm that the selection of a set of parameters that allows for a 
more accurate description of the speakers is as important as the selection of the 
classification method used by the biometric system. In this sense, the proposed 
parameterisation constitutes a step forward in improving speaker recognition systems, 
since even when using relatively simple classification systems, really competitive 
recognition rates are achieved. 
Key Words: Biometry, Voice, Speaker Recognition, Speaker characterisation, Digital 
Signal Processing, Glottal Source, Vocal Tract, Source-Tract Separation, GMM-UBM, 
Supervectors, i-vectors, Speaker Recognition Evaluation 
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INTRODUCTION 

1 INTRODUCTION 

1.1 MOTIVATIONS 

Since its introduction in the 1980s, the term globalisation and all that it entails has 
become part of our everyday lives. More specifically, globalisation has had a 
considerable impact in the following areas: 

• Trade: Countries have increased their share of world trade, varying not only the 
type of products exported but also the countries to which these products are 
exported. 

• Capital movements: The increasing integration of economies around the world 
has also led to an increase in the capital flows, especially caused by the 
decentralisation of investments. 

• Movement of people: There are several reasons that explain the increase in the 
movement of people. First of all, workers move from one area, city or country to 
another, trying to find better employment opportunities. In addition, there has 
also been an increase in the amount of people moving for cultural or touristic 
reasons. Last but not least, there are also movements of people on grounds of 
crime and war. 

• Spread of knowledge and technology: Closely related with the three previous 
aspects is the spread of information, knowledge and technology. For instance 
capital movements in the form of foreign investments result in an exchange of 
knowledge and technical innovation, especially across international borders. 
Furthermore, social networks have proliferated mainly due to the human need to 
share their experiences, and also to keep in touch with known people anywhere 
in the world.  

Although some people regard this process not only as inevitable and irreversible but 
also beneficial, others show some rejection and even fear of this new scenario. No 
matter whether we consider globalisation as a positive or negative, the fact is that all the 
changes that it has caused have led to new needs as far as security is concerned. Given 
the decentralisation of business facilities, buildings and services, the increase of 
international trade, the exchange of information and technology, it is essential to have 
systems that allow more precise control over the access to these resources. The main 
goal is to more precisely control who can access certain areas or facilities, who can 
access certain information or who is allowed to interact with a particular system. 
Additionally, the set of attacks that have taken place in the Western World (9/11 2001 
NY, 11/03 2004 Madrid, 7/7 2005 London) has also triggered a demand in homeland 
security, not only in border control, but also in governmental facilities and buildings, 
public transports (airports, railway, bus and metro stations), leisure centres, civil 
engineering works, etc. 

In this scenario, which can be characterised as “security-obsessed world”, biometrics 
and more specifically biometric recognition has become an area of great research 
activity, on the one hand since it turns out to be an important technique for human-
machine interaction in applications with security considerations, on the other hand due 
to its application to multiple everyday security situations.  
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One of the most important goals of security systems is to be able to reliably establish 
the identity of the people that is in a place under surveillance or the people with which a 
system is interacting. In this sense, biometric authentication defined as the automatic 
recognition of individuals based on some specific characteristics that can be 
physiological or behavioural [Dugelay,2002], should provide more accurate recognition 
results that the ones provided by classical security systems. In other words, biometric 
recognition systems are able to identify a person based on what he/she is rather than on 
something he/she possesses (e.g. ID card) - and can be stolen or misplaced – or 
something he/she remembers (e.g. password) – and can be forgotten. As physiological 
characteristics we can cite, among others, DNA, fingerprint, palm print, iris, odour, 
retina, etc. In the case of behavioural characteristics, the most popular are: gait, 
signature, and keystroke. Finally voice, can be considered as a combination of 
physiological and behavioural characteristics, because as it will be seen later, the 
production of voice is closely related to specific organs and tracts (lungs, vocal cords, 
vocal tract, etc.) but at the same time, the speech of a person changes over the time due 
to social relations, age, emotional or medical state, etc. [Jain,2004-B], [Weaver,2006]. 
In the last years, biometric systems applied to security environments have been 
successfully installed (for instance, US-VISIT Biometric Identification Services). 
However, this does not imply that biometric recognition applied to security is a fully 
solved problem. More specifically, the obsession for security has also sparked off a 
reject on people, because most times security systems bother them. In the case of 
biometric systems, rejection can be even stronger for different reasons: they can be 
regarded as a violation of civil liberties (for instance, video surveillance for face or gait 
recognition), they can be regarded as unsafe (for instance, in the case of iris and retina 
scanners) or unhealthy (use of touchable sensors to acquire fingerprints) due to the type 
of sensor that is used to capture the specific biometric, or they can be unaffordable due 
to its deployment costs. For these reasons, researchers are making an effort in 
developing biometric security systems less intrusive or “more friendly” for people using 
them without reducing their capacity of surveillance and recognition. 

As briefly noted, each biometric characteristic has its strengths and weaknesses, and 
voice is not an exception. The major strengths of voice biometric recognition systems 
are manifold:  

• Acceptance → Voice is considered as the quintessential vehicle of 
communication between humans, so people use it almost at every time and in 
every place. For this reason, people do not consider speaking in front of a 
microphone to determine their identity as an exceptional act or a meddling in 
their everyday lives as opposed to the use of other biometric features. 

• Safety and health → As already said the acquisition of this biometric 
characteristic can be carried out using a simple microphone or via telephonic 
devices. As a result, its acquisition is considered safe and hygienic by users as 
sensors are passive and not need to be touched. 

• Cost → Due to the technology used to capture the biometric characteristic and 
the low requirements in terms of computation and specific hardware, voice 
biometric recognition systems are preferred over other biometric systems. 

However, taking into account that voice reflects both physiological and behavioural 
characteristics of the speaker, it suffers from several limitations that are still fully 
unsolved. As far as physiological aspects are concerned, speaker recognition is affected 
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for instance by the process of aging (due to changes in organs and tracts involved in 
voice production or to hormonal changes), or/and by the medical state (no matter 
whether temporal – flu, cold – or permanent – tracheotomy, Alzheimer, etc.), and even 
by the gender of the speakers. In the case of behavioural aspects, voice can be affected 
by the emotional state (euphoric, sad, angry) of the speaker, or by social relations 
(differences between working environment and leisure environment). With all these 
variables affecting the voice of a person, no security system has been yet designed that 
completely relies on a voice biometry, because its performance is not good enough and 
still needs to be improved. Nevertheless, speaker recognition plays an important role in 
different scenarios such as: control access to facilities, infrastructures and restricted 
areas by the use of biometric signature of voice (speaker identification), speaker 
tracking by the identification of specific vocal features, access to information systems 
and databases with multimodal registries (video linked to voice) addressable by vocal 
context (speaker verification), automatic indexing, search and information retrieval in 
audio sources, etc. 

Taking into account all the information provided so far, we have considered the need to 
improve speaker recognition systems applied to security environments for the following 
reasons: 

• Security → Despite all the advances that have been seen in recent years related 
to security, this is still an open issue for which no global solution has been 
achieved. From this point of view, improvements in a particular system such as 
speaker recognition will always be welcomed as they ultimately help to improve 
the entire security system. 

• Cost → As previously pointed out, the development of a speaker recognition 
system does not require large outlay of funds due to limited computational and 
hardware specific requirements if compared with biometric systems based on 
other biometric characteristic.  

• Acceptability → As noted before, although most users tends to reject biometric 
security systems for multiple reasons, the ones based on voice are the most 
accepted among the others. Additionally, due to cost restrictions they are also 
more accepted by companies that want to implement security measures but have 
a limited budget. 

• Usage → another important reason to improve speaker recognition systems is 
the fact that any improvement in this area can be applied to multiple scenarios.  

• Open problem  → Despite the great advances that the area has experimented in 
the last years, speaker recognition is not a fully solve problem. Major advances 
in the area have resulted from improvements in classification systems, since the 
parameters used to characterise a speaker have not changed significantly since 
early studies in the area. Due to the number of variables that can affect the voice, 
it seems necessary to find a new set of parameters that allow for a better 
characterisation of speakers limiting the effect of these variables, instead of - or 
complementary to - the classical parameters originally intended to model the 
speech instead of the speaker as it will be shown later on.  

The search for a new set of parameters that allows a better characterisation of speakers 
from a biometric point of view should result in a significant improvement in the 
performance of speaker recognition systems, and therefore it would be possible to 
reliably use them in security environments. 
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1.2 OBJECTIVES 

The starting point of the present research is the proven fact that voice can be used for 
automatic recognition of people, not only in laboratory scenarios but also in security 
environments as derived from the existence of commercial applications. Additionally, 
due to new social and macro-economic scenarios voice-biometrics have suffered a 
growing demand especially in security environments 

Since the early researches in the late 1970’s [Atal,1976] there have been numerous 
publications that have proposed speaker recognition systems. A comprehensive review 
of the advances in the area can be found in [Campbell,1997], [Kinnunen,2009]. 
However, the performance of current speaker recognition applications is not as robust 
and reliable as other biometric feature applications mainly due to the fact that main 
improvements in the area derive from improvements in the area of classification and 
normalisation rather than improvements in the parameterisation that allows a better 
characterisation of speakers. 

Starting from the initial hypothesis and the prior consideration on the reasons for 
progress in the area, the hypothesis underpinning this thesis can be stated as follows: 

It is possible to design a more reliable biometric recognition system based on voice, 
by defining a set of gender-dependent biometric features extracted from voice that 
allows for a better speaker characterisation, without significantly affecting 
computational requirements. 

Without taking into account classification methods, although different alternatives will 
be explored, current trends in speaker recognition deals with the fusion of high and low 
level features. However, classical parameters derived from the power spectral density of 
speech without considering the gender of speakers are still the most used ones. The 
objective of the present research is on incorporating additional information extracted 
from glottal source (more related to biometry) and vocal tract (more related with 
message) into classical speaker recognition systems. According to a simplified speech 
production model, voice can be regarded as the result of filtering an excitation signal 
with the transfer function of the vocal tract and the lip radiation model. Lot of attention 
has been paid to feature extraction from the vocal tract characteristics, mainly because 
they are also useful to speech characterisation. However, the excitation signal has not 
been deeply studied and used although it has been proven to be very effective for 
example in voice pathology and gender detection [Gómez,2007-A], [Gómez,2004-B], 
[Gómez,2005-B], or even in speaker characterisation [Plumpe,1999], [Zheng,2006]. 

Another interesting aspect is the one related to gender of speakers. It is well-known that 
male and female voices exhibit not only acoustic-phonetic differences but physiological 
variations as well [Whiteside,2001]. However, to date and to the author’s knowledge, 
not any speaker recognition system has proposed a gender-dependent parameterisation 
approach. 
The main objective is to demonstrate that a gender-dependent parameterisation which 
incorporates biometric information about the speaker, mainly extracted from the glottal 
source, will improve the performance of speaker recognition systems. To achieve this 
we set the following specific objectives: 

• Selection of a reference algorithm set (both for classification and 
parameterisation) in biometric recognition systems based on voice. 
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• Construction of a biometric recognition system based on voice which 
implements the previously selected algorithms, and which provides reliable 
recognition data for a comparative analysis with other systems.  

• Definition, implementation and calibration of a voice deconstruction algorithm 
to split voice signal in its glottal source and vocal tract estimations. Previous 
works on this topic are [Alku,1992], [Akande,2005]. 

• Selection of the set of features that best represent the previously cited 
components of voice that allow a more precise characterisation of speakers 
depending on its gender. LPC and MFCC are classical parameters for vocal tract 
characterisation, but for the vocal source estimation an efficient set of 
parameters has not been proposed yet. For example, there is a first attempt to 
used a time-domain characterisation of the glottal source in [Plumpe,1999]; 
others propose a frequency characterisation as in [Gudnason,2008] or a time-
frequency feature extraction approach as in [Zheng,2004]. 

• Establishing a framework for reliably comparing the performance of different 
speaker recognition systems. 

• Evaluating the performance of gender-dependent extended biometric recognition 
systems based on deconstruction of voice and the state-of-the-art speaker 
recognition system.  

• Establishing the benefits and cost of using the proposed parameterisation 
compared to classical approaches. 

• Applying the developed system in practical scenarios such as speaker 
recognition evaluations. 

1.3 A GUIDE TO THE TEXT 

The thesis is organised as follow: 

• Chapter 1: The remainder of this chapter is devoted to make a brief review of the 
state of the art in the field of biometric recognition of people. The review will 
cover the following aspects: basic structure of biometric recognition systems, 
biometric characteristics mostly used in specific implementations, and biometric 
databases available for research purposes and commercial applications. As the 
aim of the present thesis is to define a new parameterisation scheme that 
provides a better characterisation of speakers, a specific review of the state of 
the art in the area of speaker recognition will be also performed. It will cover the 
different parts that comprise a recognition system of this type: feature extraction, 
class modelling and classification methods, and class decision. Additionally, the 
recognition rates achieved by state-of-the-art speaker recognition systems will 
be provided and somehow compared, taking into account that it is not possible to 
directly compare the results obtained by different systems. Finally, we present 
some commercial solutions that implement voice recognition systems.  

• Chapter 2: The first contribution of the thesis is presented in this chapter. First, 
we will introduce the speech production model and the corresponding 
characterisation by physical models. A brief review of the acoustic theory of 
speech production will be presented before moving on to describe the proposed 
algorithm that allows us to perform what we have called deconstruction of voice, 
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i.e. the separation of the voice signal into the glottal and vocal tract component. 
Finally, we present a gender-dependent parameterisation that incorporates both 
components to characterise the speakers more accurately. 

• Chapter 3: This chapter is entirely devoted to present classification methods that 
have been successfully applied to solve the speaker classification problem.  A 
review of classical generative (HMMs and GMMs) and discriminative models 
(SVMs) will be covered as well as new trends in the area such as supervectors 
and i-vectors. Normalisation techniques applied in some scenarios will also be 
presented. Fusion strategies are also presented at the end of the chapter. 

• Chapter 4: This chapter will be used to describe the test bench available to 
determine the technological level of biometric recognition systems using voice, 
analyzing its strengths and weaknesses. We will also describe a specifically 
defined test bench that use a specific database collected under strict conditions 
as far as quality is concerned. This test bench will allow us to prove the validity 
of the proposed parameterisation under, among others, two different scenarios: 
spontaneity (NIST SRE) and standardisation (HESPERIA). We will also present 
some test using ALBAYZIN and MOBIO databases. 

• Chapter 5: The practical experiments carried out throughout the thesis are 
included in this chapter. We will describe the official results of the NIST SRE 
2010, along with the system developed to participate in it and the results 
achieved with the improvements applied thanks to the acquired experience. The 
results obtained in the set of tests defined in chapter 4 will also be presented.  

• Chapter 6: The last chapter is dedicated to present the conclusions that can be 
drawn from the work done throughout this thesis, and to suggest new lines for 
future research. A complete review of the contributions to advance the scientific 
state of the art in speaker recognition is included as well as the published papers 
and congress contributions that have been made in the course of the research 
leading to this thesis are listed. 

As appendices we have included a glossary of terms and acronyms, as well as a 
summary of software tools developed during the thesis. Finally the bibliographic 
references cited throughout this document are listed in alphabetic order by first author’s 
family name. 

1.4 BIOMETRIC AUTHENTICATION 

Traditionally, the identification process between a person and a system, has been mainly 
based on something the person knows (e.g. password) or something he/she owns (e.g. 
smartcard), leaving person’s biometrics out for forensics or law enforcement area (e.g. 
criminal identification, claim of parental relations, etc.). However, the use of passwords 
or ID cards entails some problems to person recognition. They can be more or less 
easily guessed, shared, misplaced or copied, compromising the security of the entire 
system (“The security of the entire system is only as good as the weakest password” 
[Jain,2004-B]). Therefore, as biometrics offer a natural and reliable way to identify a 
person based on some physical and/or behavioural characteristic (e.g. based on who you 
are); they are increasingly playing an important role in human-machine interaction for 
security purposes, both in civilian and military applications. [Ross,2007], 
[Weaver,2006], [Jain,2004-B]. Moreover, it is usual to combine these three different 
types of authentication especially in security-sensitive applications. 
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The design of an automatic or semi-automatic system to recognised individuals, based 
on biometrics, relies mainly on signal processing techniques and pattern recognition. 
Thus, a biometric system can be build using the following modules: 

• Data acquisition module: This module includes a sensor which captures the 
biometric data of an individual. The physical information acquired by the sensor 
is transformed into a digital format which allows a computational treatment. 

• Feature extraction module: The aim of this module is to extract a set of 
discriminatory features of the trait for recognition captured by the data 
acquisition module. This set of features must show high inter-class variability 
while keeping the intra-class variability quite low. Additionally, the number of 
features in the feature set must be kept low as the complexity of the system 
increases as the number of attributes rise. The compact but expressive 
representation of an individual based on this set of features is also known as 
template. 

• Database module: This module can be implemented as a central database or as a 
personal device (such as a smartcard) in which the templates of the enrolled 
users of the system (typically, individuals with access) are stored. 

• Matcher module: During the recognition step the features, extracted from the 
input, are compared against the templates stored in the database, providing a 
matching score. The matching score quantifies the similarity between the input 
and the template. The higher the score, the more certain is the system that the 
two templates come from the same person. This module also encapsulates a 
decision-making phase, in which a user’s claimed identity is verified or a user’s 
identity is established based on the matching scores. 

A biometric recognition system can work in two different modes, verification or 
identification. In the verification mode, a one-to-one comparison is performed to 
determine whether the captured data corresponds to the stored biometric template of the 
person’s claimed identity. In the case of identification mode, a one-to-all comparison is 
performed to try to establish the identity of a person, by searching the templates of all 
enrolled users. Regardless the operation mode, it is necessary to perform an enrolment 
phase in which a template or model is generated for all the users to whom we want to 
grant access to the system. Figure 1-1 summarises the different stages involved in a 
biometric recognition system. 

Regardless the biometric characteristic used for biometric recognition, there are some 
important research issues that should be addressed: 

• How to acquire the biometric data: Type of sensors, controlled/uncontrolled 
acquisition conditions, etc. 

• Feature selection: How to extract intra-class invariant features while keeping the 
inter-class variance in such a level that allows class separation, dimensionality 
reduction to allow an internal representation computationally affordable, etc. 

• How to implement the matching metric: A matching algorithm should provide a 
measure of similarity between two patterns. The pattern recognition problem can 
be addressed using two different approaches: generative classifiers and 
discriminative classifiers. Generative methods learn a density distribution for 
each of the classes from ‘a priori’ information. On the other hand discriminative 
methods model the decision boundary between classes.  
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• The representation scheme and the matching metric determine the accuracy 
performance of the system.  

The system’s performance is a critical issue as it provides a quantitative measure of 
system reliability. Through this measure, we are able to establish a comparison between 
different biometric recognition systems. Unfortunately, the performances of different 
systems are only comparable in the context of a given database in a specific train/test 
environment, that’s the reason of the existence of different biometric recognition 
competitions, which provides a common test framework for all the tested systems. 

The performance of the system is evaluated in relation with its ability to classify a 
template as belonging to a genuine or known individual or belonging to an impostor. 
Given an input template, we can build two different hypotheses: 

• H0 → The input template does not belong to a known individual (belongs to an 
impostor)  

• H1 → The input template belongs to a known individual 
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Figure 1-1 Operation modes of a biometric recognition system 
Given these two hypotheses, the system can generate four possible outcomes: (a) a 
genuine user is accepted, (b) a genuine user is not correctly recognised, (c) an impostor 
is accepted as a genuine user and (d) an impostor is rejected. Cases (a) and (d) are 
considered correct outputs whereas (b) and (c) are considered recognition errors. Type 
(b) errors are also known as false non-match errors or false rejection (FR), while type 
(c) errors are known as false match or false acceptance (FA) error. The error rates (FAR 
and FRR) depend upon the threshold, θ, fixed for accepting or rejecting a hypothesis, 
thus there is always a trade-off between false match rates and false non-match rates in 
every security system.  
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These error rates can be used as a measure of performance and can be represented using 
different curves: 

• Score Distribution Curves: This graph represents the probability density 
function (pdf) for genuine users (true acceptance), and for impostors (true 
rejection). The overlapping area between both distributions characterises the 
false-rejections and false acceptance errors. Selecting a threshold in the 
intersection between both pdf gives the minimum recognition error. In an ideal 
situation, in which no classification errors occur, there is no intersection between 
both distributions. 
As it can be seen in Figure 1-2, FRR and FAR are function of the operating 
threshold. That is to say, if the system’s threshold is increased to reduce the FR 
errors, then the FA errors will be increased, thus reducing the security of the 
system. 

 
Figure 1-2 Score Distribution Curves of a hypothetical biometric recognition 
system 

• ROC Curves: The original Receiver Operating Characteristic curve plots the 
true acceptance rate with respect to the false acceptance rate, thus providing 
an empirical assessment of the system performance at different operating 
points. However, several researches used it in different ways. For example, 
false non-match errors are plotted on the horizontal axis, while the false 
match errors are plotted on the vertical axis, in relation with the selected 
decision threshold. In other words, the ROC curve is a graph that represents 
FRR and FAR for all possible values of the threshold. An interesting 
introduction to ROC analysis can be found in [Fawcett,2006]. 

 
Figure 1-3 ROC Curve of a hypothetical biometric recognition system 
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• DET Curves: The Detection Error Trade-off curve represents FRR and FAR on a 
non-linear scale (normal deviate scale). This type of analysis usually produces 
plots that are close to linear. The circle marker corresponds to the EER point. 

 
Figure 1-4 DET Curve of a hypothetical biometric recognition system 

• EPC: The Expected Performance Curve [Bengio,2005], provides a method to 
compare several systems according to a specific performance criterion (HTER, 
DCF or EER). Having defined the performance measure (which depends on the 
FAR(θ), FRR(θ) and a parameter α), the EPC is obtained varying α inside a 
reasonable range (which depends on the specific criterion). For each α, we 
estimate θ that minimises the performance criterion on a train set. Finally, the 
obtained θ is used to compute the performance measure on the test set. 

 
Figure 1-5 Two artificial EPC curves comparing two models using a 
performance measure V (Extracted from [Bengio,2005]) 

Additionally, we can generate single quality measures that allow a quick comparison of 
performances of different systems: 
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• AUC: This metric represents the Area Under the ROC Curve. According to 
[Fawcett,2006], the AUC of a classifier is equivalent to the probability that the 
classifier will rank a randomly chosen positive instance higher than a randomly 
chosen negative instance. An algorithm to compute the AUC can also be found 
in this study. 

• EER: The Equal Error Rate corresponds to the threshold for which the FAR and 
the FRR are equal. It can be mathematically defined as: 

𝜃𝐸𝐸𝑅 = argmin
𝜃

|𝐹𝐴𝑅(𝜃) − 𝐹𝑅𝑅(𝜃)| Eq. (1-1) 

• HTER: Stands for Half Total Error Rate, and can be defined as: 

𝐻𝑇𝐸𝑅 =
𝐹𝐴𝑅(𝜃) − 𝐹𝑅𝑅(𝜃)

2  
Eq. (1-2) 

• DCF: Referred also as CDet Cost Function, is a basic metric in the NIST 
evaluations computing a linear combination of the error rate. CDET can be view 
as a cost function based on assigned costs for false acceptance and false 
rejections, and assumed target richness. Cost and richness are arbitrarily chosen 
parameters. CDet can be defined as: 

𝐶𝐷𝐸𝑇 = 𝑁𝑜𝑟𝑚𝐹𝑎𝑐𝑡

∗ ��𝐶𝐹𝑅 ∗ 𝑃𝐹𝑅|𝑇𝑎𝑟𝑔𝑒𝑡 ∗ 𝑃𝑇𝑎𝑟𝑔𝑒𝑡�

+ �𝐶𝐹𝐴 ∗ 𝑃𝐹𝐴|𝑁𝑜𝑛𝑇𝑎𝑟𝑔𝑒𝑡�� 

Eq. (1-3) 

where: 

o CFR=10 → Cost of a false rejection. 
o CFA=1 → Cost of a false alarm. 

o PTarget = 0.01 → Probability of a target 
o PNonTarget = 1 – PTarget = 0.99 → Probability of a non-target or impostor 

o NormFact. → Normalisation factor defined to make 1.0 the score of a 
knowledge-free system that always decide false. 

The system performance is also affected by the inherent differences in the 
recognisability of different users. Although originally defined in the speaker recognition 
area [Doddington,1998], this hypothesis can be extended for other biometric systems. 
Based on the research presented by Doddington, users of a biometric recognition system 
can be categorised in four different classes: 

• Sheep: Represent the users with low intra-class variation and with sufficiently 
distinctive features, so the recognition system will perform significantly well for 
them. In other words, the FAR and FRR will be negligible if only sheep users are 
supposed to use the system. 

• Goats: Represent the users who are particularly difficult to recognise due to its 
high intra-class variation. This kind of user adversely affects the performance of 
the recognition system as they tend to increase the false rejection rates. 

• Lambs: This class encloses those users particularly easy to imitate. A set of lamb 
users will show very low inter-class variability between each user, thus making 
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it extremely difficult to differentiate between them. The rate of false acceptance 
will be increased with this kind of users. 

• Wolves: This group represents the users who are skilful imitators. As in the case 
of lambs, the performance of the system can be affected by this kind of users as 
they increment false acceptance errors. 

The existence of these different groups of users, which provokes the increase of error 
rates, shows that biometrics, is not a recognition panacea. Additionally, biometric 
recognition systems can cause a negative reaction in users due to privacy concerns, 
cleanliness and security of devices, etc. In this context, [Elliott,2007] present a research 
on how people perceive biometric technology. However, biometrics-based solutions 
provide powerful tools for increasing security access systems, especially when 
combined with classical identification approaches. 

1.4.1 Biometric characteristics 

As we have already established, biometric characteristics can be divided into two 
different main groups: physiological characteristics (i.e. based on physical traits) and 
behavioural characteristics (i.e. based on behaviour traits). Regardless this 
classification, there are some requirements that a biometric characteristic should meet to 
be used in a biometric application. In 1994, [Clarke,1994], enumerate a list of 
requirements: universality, uniqueness, permanence, indispensability, collectability, 
storability, exclusivity, precision, cost, convenience and acceptability. Later on, 
[Jain,1998], added two additional requirements for practical considerations: 
performance (i.e. resources required to achieve the desired performance) and 
circumvention (i.e. how easily the system can be mislaid). 

The most commonly implemented or studied biometrics is: fingerprint, face, iris, voice, 
signature, and hand geometry. However, in what follows, we will introduce not only 
this biometrics but emerging biometrics as well.  

• Face 
The aim of a face recognition system is to identify or verify faces present in an 
image or video scene, analyzing facial features. The main problems that face 
recognition systems meet are related with lighting conditions of the captured 
images, face variability (due to facial expression, aging, use of cosmetics, facial 
hair and hair styling), pose variability. On the other side, it is a non-intrusive 
method, with no need to touch any device for feature extraction. Although early 
face recognition systems operate with visible light images, current researches are 
able to deal with infrared [Kong,2007], [Huang,2007] and 3D images 
[Zhong,2008]. In the 2006 Face Recognition Vendor Test (URL: FRTV) the 
verification performance achieved by the participants was quite good, especially 
under high resolution and controlled illumination conditions [Phillips,2009]. 

Over the last years different algorithms have been proposed to address the face 
recognition problem that can be classified mainly into two categories: geometric 
feature-based methods, also known as model-based methods or structural 
methods, and appearance based methods, also known as holistic methods. 
Obviously, some approaches combine both methods in order to try reaching a 
better performance. 

o Appearance based methods: These methods use the whole face region as 
input to the recognition system. PCA (Principal Component Analysis) 
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commonly referred to as the use of eigenfaces [Turk,1991-A], is a 
technique applied to most of appearance based methods. The PCA 
approach is used to reduce the dimension of the data. Face images are 
projected onto a feature space that encodes the variation among known 
face images. The face space is defined by the eigenvectors of the initial 
training set of face images. From the projection coefficients, we can 
perform a face classification based on a nearest-neighbour approach 
[Turk,1991-B], Neural Networks, Support Vector Machines or a multi-
class one-against-all binary Minimax Probability Machine (MPM) 
[Hoi,2004]. Another statistical approach that aims to maximise the 
between-class variance and minimise the within-class variance is LDA 
(Linear Discriminant Analysis). LDA is used to find a linear combination 
(Fisherfaces) of features which best separate two or more classes. The 
resulting combinations are used as a linear classifier. Like in the PCA 
case, different classification techniques can be applied: Multilayer Feed-
forward Neural Network, Euclidean Distance or Normalised Correlation 
[Nazeer,2007]. The ICA (Independent Component Analysis) statistical 
approach has also been applied to face recognition systems. There are 
two architectures of ICA in face recognition, ICA1 which treats the 
images as random variables and ICA2 in which pixels of images are 
treated as random variables. [Liu,2004] apply Nearest Neighbour 
classifier on the ICA2 version. [Lei,2006] apply a modified ICA1 
approach, using an image sequence instead of a single image as 
operation unit.  
As stated in [Sharkas,2008], none of the ICA, fisherface or eigenface 
algorithms significantly outperformed the others. Other approaches have 
also been proposed to solve the face recognition problem. [Zhao,1998] 
combined PCA and LDA in a two-step process: PCA is used to obtain a 
face subspace and then LDA is used to obtain the best linear classifier. 
The classification is performed in the classification space based on a 
distance measure criterion. [Xiao,2008] applied a SVM classifier to the 
raw images of the frontal face area, while the sigmoid function is used to 
estimate the posterior probability output in binary SVM classifier. 
[Kim,2004-A] proposed the use of GMM as modelling technique but 
instead of the raw image, DCT (Discrete Cosine Transform) coefficients 
were used in face feature vectors. 

o Model based methods: These methods employ shape and texture of the 
face, along with 3D depth information (when available). For instance, 
areas, distances or angles between eyes, nose or mouth. Probably one of 
the most popular structural methods is the EBGM (Elastic Bunch Graph 
Model) which relies on the fact that face images have many non-linear 
characteristics. In this case a graph is used to represent faces 
[Wiskott,1997]. The Gabor wavelet transform plays an important role in 
this type of representation, as a set of complex Gabor wavelet 
coefficients (also known as jets) are used to designate each node of the 
elastic grid that defines a face. These nodes are located at facial 
landmarks. The similarity between graphs is computed as an average 
over the similarities between pairs of the corresponding jets. Gabor 
wavelet representations have been also used in [Liu,2003] and 
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[Wang,2006]. However, [Liu,2003] use PCA to reduce the 
dimensionality of the data and then use ICA to define the independent 
Gabor features used in a Bayes linear classifier. [Wang,2006] combine 
PCA and LDA. [Amira,2005] compare the use of 3 types of wavelet 
transforms (Gabor, Haar and Biorthogonal 9/7) as a preprocessing step 
for 14 ratio calculations between automatically extracted landmarks. 
[Husken,2005] apply a Hierarchical Graph Matching (HGM) technique 
based on the EBGM approach to model faces using both 2D (texture) 
and 3D (shape) information. 

o Hybrid Methods: Prior to the application of PCA for recognition 
purposes, [Mittal,2008], for example, use a Fast Fuzzy Edge Detection to 
determine the nose-width and mouth-with and perform a categorisation 
of faces in subgroups. Thus reducing the number of faces to test during 
the test phase. 

A comprehensive review of different face recognition algorithms and techniques 
used to solve different open problems related to image preprocessing can be 
found in [Zhao,2003]. State-of-the-art recognition rates can be found in 
[Phillips,2006], [Phillips,2009]. 
There are a quite big number of databases available for face recognition 
applications [Phillips,2009], [Gross,2005]. Among them, the most cited are: 

o M2VTS/XM2VTS: The M2VTS database contains five 286x350 pixels 
colour images from 37 different individuals. These five images where 
extracted over a 3 months period in a highly cooperative scenario: good 
picture quality, indoor shooting, nearly constant lighting and uniform 
grey background. For each person motion sequence (head rotation from 
0º to -90º, back to 0º and then to 90º) and glasses off sequence images 
where extracted. (URL: M2VTS). The XM2VTS differs from the 
M2VTS in the number of enrolled individuals, the resolution and in the 
inclusion of a 3D model of each individual head acquired using a high-
precision stereo-based camera. This database contains four 720X576 
resolution images taken over a four month period from 295 individuals, 
in a speaker and rotation head manner. (URL: XM2VTS). Both databases 
include voice recordings from each person uttering numbers or a specific 
phrase. 

o FERET: The FERET database includes a grey-scale and a colour dataset. 
The grey-scale FERET dataset consists of 14051 greyscale images from 
1209 subjects with views ranging from frontal to left and right profiles, 
and a resolution of 256x384 pixels. The images were collected over the 
course of 15 sessions and under different illumination conditions and 
facial expressions. The colour FERET database contains 11338 facial 
images from 994 subjects with a 512x768 pixels resolution.(URL: 
COLORFERET) 

o ORL: The ORL Database of Faces, collected at the AT&T Laboratories 
Cambridge, contains images from 40 different subjects taken between 
1992 and 1994. The ages of the subjects, 4 females and 36 females, 
ranges from 18 to 81. For each subject 10 images of 92x112 pixels with 
256 grey levels per pixel are extracted in different situations: different 
lighting conditions, different facial expressions and different facial 
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details (where possible). However, all the images were taken with a dark 
homogeneous background with the subjects in an upright, frontal 
position. (URL: ORL) 

o NIST Mugshot Identification Database: This database contains a total of 
3248 segmented 8-bit greyscale images of variable size using lossless 
compression from 1573 individuals (1495 males and 78 females). The 
database contains both front and side views of the individuals. More 
precisely, 1333 cases with both front and side views, 131 cases with two 
or more front views and 89 cases with two or more profiles. 

o Equinox HID Face Database: The Equinox database consists of 1622 
pairs of visible and calibrated thermal IR faces from 90 individuals. The 
visible and thermal IR images have a spatial resolution of 320 × 240 
pixels, and a greyscale resolution of 8 bits (visible) and 12 bits (IR). The 
registered images are extracted under different lighting conditions, 
different pose of the individual and, with and without glasses when 
available. (URL: EQUINOX) 

o CASIA 3D Face Database: This database contains 4624 scans of 123 
subjects using a non-contact 3D digitiser. For each person in the database 
a 2D colour image and a 3D facial triangulated surface are extracted, 
under different conditions of poses, expressions and illuminations. For 
subjects wearing glasses two different scans are generated: with and 
without glasses. 

o FRAV3D: The database contains 2D images (texture information in BMP 
format) and 3D images (VRML file) from 106 subjects. For each person 
16 captures where taken under different conditions covering: gesture 
variations, lighting changes and pose variations. (URL: FRAV3d). 

• Ear 
The use of ears as a biometric characteristic for identification purposes, like 
other biometric characteristics, comes from the forensic field. Furthermore, 
earmarks (also known as earprints) are still used by police and forensic specialist 
as a proof of identity [Kasprzak,2003], especially in the absence of valid 
fingerprints. [Iannarelli,1989] carried out different studies and concluded that the 
ear contains unique physiological features and what is more important its 
structure does not change significantly over time. Ear is also suitable for human 
identification, because unlike face recognition or voice, it is not affected by 
emotional state or health of people. Moreover, as state in [Choras,2007-A], ear is 
one of our sensors, therefore it is usually visible to enable good hearing. Other 
advantage of ear biometric systems is the high acceptability from the sanitary 
and safety point of view, as far as during both enrolment and test people do not 
need to touch any device, and the feature acquisition can be performed from an 
image capture with a simple camera. On the other side, the use of ear entails 
some problems or disadvantages. Gravity can cause the ear to undergo 
stretching, especially in the lobe of the ear [Iannarelli,1989], [Burge,2000]; 
illumination, occlusion and head rotation are classical reported problems during 
feature extraction process; finally, to obtain a good model of the ear, cooperation 
of the person is compulsory [Pun,2004].  
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Table 1-1 Different ear representation’s: (1. [Iannarelli,1989] 2. [Burge,2000] 3. 
[Moreno,1999] 4. [Hurley,2000]) 

Although [Jain,2004-B] state that features of an ear are not expected to be very 
distinctive in establishing the identity of an individual, different studies report a 
recognition performance higher than 90%.  
[Burge,2000] introduce a geometrical method in which the ear is modelled as a 
Voronoi neighbourhood graph of the curves extracted from the detected edges of 
the ear. To deal with erroneous curve segments, due to changes in lighting, 
shadowing and occlusion, while preserving the ear structure, they introduce an 
Error Correcting Graph Matching algorithm. However, as reported in 
[Pun,2004] and [Yuan,2005], this method is unstable as it is affected by relative 
small changes in camera-to-ear orientation and lighting, and also, because it will 
not be able to differentiate real edges and non-edge curves [Sana,2007]. 
Additionally, [Burge,2000] propose the use of the width of the curve 
corresponding to the upper Helix rim to improve the false acceptance rate, and 
the use of thermogram images to deal with partial occlusion problems. 
[Yuan,2005] and [Mu,2005] also propose a geometrical approach to ear 
modelling based on shape and structural features (LABSSFE – long axis based 
shape and structural feature extraction), reporting an 85% of recognition 
accuracy. The representation used is invariant to ear’s image parallel move, scale 
and rotation. In [Choras,2007-B] and [Choras,2006], five different methods are 
presented also based in geometrical parameters of ear contours (i.e. distinctive 
information about shape and geometrical properties): Concentric Circles based 
Method (CCM), Contour Tracing Method (CTM), Angle-Based contour 
representation Method (ABM), Geometrical Parameters Method – Triangle 
Ratio Method (GPM-TRM) and Geometrical Parameters Method – Shape Ratio 
Method (GPM-SRM). Experiments show a FRR lower than 10% in all cases, 
and 0% FRR is reported for GPM method but, no FAR is reported. 

An important aspect common to all these methods is the need of a preprocessing 
stage of the image, which entails: image normalisation and ear detection. On the 
other hand [Hurley,2000], proposed a method that do not need any preprocessing 
or ear extraction. A Force Field Transformation is carried out, in which the 
image is treated as an array of mutually attracting particles that act as the source 
of a Gaussian force field. Then a Force Field Feature Extraction is performed in 
which the ear is described as a set of energy lines, wells and channels. The 
technique is highly invariant to initialisation, translation and scaling, and has an 
excellent noise tolerance, providing a recognition rate higher than 95% 
[Hurley,2005]. 

Other approaches avoid feature extraction, and propound a holistic approach 
using appropriate tools. [Moreno,1999] proposed the use of neural networks in 
two ways: to extract the macro features of the image (Compression Network), 
and to perform identification tasks (perceptron), reporting identification results 
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of 93%, without considering rejection thresholds. [Sana,2007] developed a new 
approach base on discrete Haar Wavelet transform. After a preprocessing to 
detect ear on the image, wavelet coefficients are computed from Haar Wavelet 
decomposed image, to create a template. Using Hamming distance approach for 
decision making, an accuracy of about 96% is reported. [Victor,2002] used a 
partially automated algorithm based on Principal Component Analysis (PCA), 
both for face and ear recognition.  

Last but not least, 3D representation of the ear is been under extensively 
research in the last years. [Cadavid,2008] create a 3D ear model from a single 
video frame using Shape from Shading (SFS) technique. Subsequently, the 
Iterative Closes Point (ICP) algorithm is used for model alignment and RMSD 
values is used for model recognition, producing recognition rates of 95%. The 
main problems with this method are sensitiveness to pose and light variations. 
[Chen,2007], also used the ICP algorithm for model alignment, but in this case, 
the 3D ear model is obtained fusing range images and colour images, producing 
two different representations: the ear helix/antihelix, and the Local Surface patch 
(LSP). The root mean square (RMS) registration error is used as the matching 
criterion, obtaining recognition rates around 95%. [Yan,2007] and [Yan,2006] 
use an improved-ICP for model alignment and an Active Contour algorithm for 
edge based ear model extracted from 2D+3D information. They achieved 
recognition results of 97.6%, even in the case of partially occluded ears or ears 
with earrings. 

• Iris 
The iris is a pigmented membrane that controls how much light reaches the 
sensory tissue of the retina, through the pupil, thanks to the sphincter and the 
dilator muscle. The amount of pigment contained in the iris determines eye’s 
colour, and its visual texture formed during prenatal growth and developed 
during the first years of life, carries unique and distinctive patterns useful for 
personal recognition. Iris recognition is used in high security areas due to its 
accuracy, reliability and speed of recognition. Moreover, its accuracy is not 
especially affected by pupil dilation (pupil size can vary from 10% to 80% of the 
iris diameter) or the use of eyeglasses or contact lenses [Weaver,2006]. 
However, it requires users collaboration because partially occlusion by eyelids 
or eyelashes, or completely occlusion of iris due to blink will affect adversely 
recognition results. Another problem that affects iris recognition systems is the 
specular reflection within the iris region [Padma Polash,2007]. 

 
Figure 1-6 Right eye description 
The iris recognition system can be broken up into five main stages: 

 38 



INTRODUCTION 

o Iris localisation: This stage consists in processing of eye image to detect 
the iris region (inner and outer boundaries of iris). It is important to 
remove eyelids or eyelashes from eye image. 

 
Figure 1-7 Example of iris localisation (White circle lines) 
[Daugman,2004] 
Different algorithms have been proposed to solve this problem. The first 
to be used in a commercial system is the one by [Daugman,1993], 
[Daugman,2004],  which implements a coarse-to-fine strategy to locate 
outer and inner limits of iris in an image using an integro-differential 
operator. A similar approach, changing the integration contour from 
circular to arc, is used to locate eyelid boundaries. This approach is also 
used in [Ko,2006]. [Wildes,1997], [Zhang,2004] and [Padma 
Polash,2007] use the circular and parabolic Hough Transform to perform 
iris detection after a binary edge-map is built via gradient-based edge 
detection. [Grabowski,2006] use the black hole method to estimate the 
pupil area and then the Daugman’s method to estimate the outer limit of 
iris. Other approaches fuse different mentioned-above approaches, like 
[Roy,2007], in which a first step for pupil detection is proposed based on 
Canny edge detection and Sobel edge detection. The second step consists 
in the application of Daugman’s method. However, the first step is 
rejected due to high computational cost. Finally, [Miyazawa,2005] model 
the inner boundary of the iris as an ellipse for which a sudden change in 
luminance summed around its perimeter takes place. The outer limit is 
modelled in a similar way but using a circle path of contour instead of an 
ellipse. 
In order to reduce the effect of eyelashes in iris recognition, different 
approaches have been implemented. The simpler approach consists in 
removing the areas in which eyelashes may occur from the iris template. 
[Miyazawa,2005] use only the lower arc of the iris to create an eyelash-
free iris template before normalisation. [Ma,2003] remove the lower part 
of the iris pattern after normalisation, getting a similar result. [Roy,2007] 
use a pixel threshold to determine whether a pixel corresponds to an 
eyelash or not. More complex eyelash detection algorithms are present in 
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[Huang,2002] and [Kong,2001] based on line detection or Gabor filter, 
and variance of intensity over a small window in the iris image 

o Iris normalisation: This step is done to compensate for iris deformation, 
converting iris image from Cartesian (x,y) coordinates to Polar 
coordinates (r,θ), where r∈[0,1] and θ∈[0,2π]. At the end of this stage 
we get an unwrapped representation of iris in a rectangle image with 
angular and radial resolution. The most use method is the rubber sheet 
model described in [Daugman,1993]. 

 
Figure 1-8 Iris normalisation process (extracted from[Roy,2007]) 

However, some variations have been proposed in which only some ROI 
(regions of interest) areas are used in this processing stage 
[Szewczyk,2007], [Miyazawa,2006]. Daugman’s model do not account 
for rotational inconsistencies, but in the matching phase. 

o Image enhancement: Image enhancement algorithms are used to deal 
with specular reflections and/or non-uniform illumination in iris image. 

o Feature extraction: This stage consists in creating an iris template which 
includes the most relevant and discriminating features from the 
normalised image, for identification purposes. As is the case of iris 
normalisation, most of the experiments in iris recognition use the feature 
extraction method presented in [Daugman,1993]. A 256-byte Iris Code is 
created using a 2-D Gabor filters and a coarse phase quantisation of the 
local texture signal by approximating it as one vertex of the logical unit 
square. [Kong,2001], [Liu,2005], [Roy,2007] also used Gabor filters, 
while [Padma Polash,2007] or [Zhang,2004] use 1D Log-Gabor filters 
for feature extraction. An alternative method evaluated for this stage is 
wavelet transformation that decomposes the iris image into components 
with different resolutions. Haar, Daubechies, Biorthogonal, Coiflet, 
Symlet and Meyer have been tested in different studies 
[Szewczyk,2007], [Elsherief,2006], [Thornton,2007]. [Miyazawa,2005] 
use phase-based components in 2D DFTs (Discrete Fourier Transform) 
of iris image. [Chu,2005] create the iris feature vector using LPCC 
(Linear Prediction Cepstral Coefficients) and LDA (Linear Discriminant 
Analysis) for dimensionality reduction. [Huang,2002] adopt ICA to 
extract it is texture features. [Ko,2006] generate iris codes by analyzing 
the changes of grey values of iris patterns using cumulative sums over 
each group of basic cell regions in which an iris image is decomposed. 
Finally, [Wildes,1997] use an isotropic band pass decomposition derived 
from application of Laplacian of Gaussian filters to the image. 

o Template matching: A target iris template is compared with all the 
patterns in the database using a matching metric. Finally, a decision of 
identification or verification is done. Hamming Distance is used as a test 
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of statistical independence between two iris representations, so two 
templates are supposed to be from the same iris if the test fails. This 
method proposed by [Daugman,1993] is also used in [Liu,2005], 
[Ko,2006] or [Padma Polash,2007]. Other matching methods applied to 
iris recognition are: Band-Limited Phase-Only Correlation 
[Miyazawa,2005], Euclidean distance [Huang,2002], average cosine 
distance [Thornton,2007], Learning Vector Quantisation (LVQ) 
[Elsherief,2006], Probabilistic Neural Networks (PNN) [Elsherief,2006], 
[Chu,2005] or Support Vector Machine (SVM ) [Gu,2005]. 

The first iris recognition patented system, [Daugman,1993], is able to perfectly 
identify an individual, given millions of possibilities. Moreover, most of the 
implemented systems report recognition rates over 90%. 
The most popular databases for recent studies in iris recognition are: 

o ICE database developed in the Iris Challenge Evaluation project 
[Phillips,2007], which includes 132 different individuals, and more or 
less 20 iris images from both left and right eyes. 

o UBIRIS database [SOCIALab,2014] which in its 2.0 version includes 
more 11000 images with realistic noise factors. 

o CASIA database [CASIA,2014] includes a total of 22051 iris images 
from more than 700 subjects and 1500 eyes. It also includes the first 
publicly available twins’ iris image dataset from 200 subjects. 

o University of Bath database [Monro,2008], which includes in its 
commercially available dataset 20 images from each eye of 1600 
subjects. 

o Palacký University database [Dobeš,2014], with 348 iris images captured 
from 64 subjects. 

• Retina 
As stated in one of the earliest works on this biometric trait [Hill,1998], retinal 
recognition is a misnomer, because these systems actually deal with the blood 
vessel patterns of the choroid, located behind the retina. However for the sake of 
simplicity, the term retina recognition has been coined. The main advantage of 
this biometric trait is that it is not exposed to the external environment, thus it is 
almost impossible to change or replicate the retinal vasculature pattern in an 
impostor. However, it suffers from some disadvantages. Up to some time ago, 
retina image acquisition equipment was quite expensive, thus limiting somehow 
the number of people working in the area as well as the databases available for 
research purposes. Additionally, sample acquisition process involves 
cooperation and a conscious effort on the part of the subject, as retina is small, 
internal and therefore difficult to capture [Delac,2004], [Jain,2004-B]. Last but 
not least, blood vessel patterns can be affected by some diseases, thus revealing 
some medical conditions of individuals that result in problems of user 
acceptability [Bowyer,2004], [Deriche,2008]. 

In retinal recognition systems, a preprocessing step to enhance vessel pattern is 
carried out. In most cases, this preprocessing step involves the location of the 
optic disc, which is the region on the retina at which optic nerve axons enter and 
leave the eye, and which can work as a landmark for other features in retinal 
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image. For optic disc location, different approaches have been implemented. For 
instance, [Tabatabaee,2006] used the Haar wavelet and active contours or snake 
models, [Rahman,2008] introduced a method based on intensity variance of 
adjacent pixels, and [Ortega,2006] implemented a fuzzy circular Hough 
transform to localise the optical disk. 

Different features have also been tested, with none preferred among the others. 
[Tabatabaee,2006] used a feature vector which consists of central Fourier-Mellin 
Transform harmonics length and complex moment magnitudes up to order (2 2). 
In this approach the centre of the optic disc, in conjunction with the image centre 
of mass is used for rotation compensation that can occur during scanning 
process. [Rahman,2008] built a 32 component feature vector, which consists of 
12 colour moments extracted from each of the 3 colour space (HSI – Hue, 
Saturation and Intensity) in which the retina image is decomposed, and 20 
texture features extracted from the Grey-level Co-occurrence matrices. In this 
approach the optic disc is used to extract a region of interest, from which the 
feature vectors are extracted. [Ortega,2006] used an approach similar to some 
works on the area of fingerprint recognition, which consist in regarding the 
retina scanned image as a set of ridges (vessels) and valleys, thus using the 
whole retinal vessel tree. As in [Rahman,2008], they used the optic disc to 
define a region of interest (ROI) from which they extract a set of features based 
on the ridges endings and bifurcations inside the ROI. [Mariño,2006] used the 
whole retinal vessel tree to detect crests and valleys through the use of a 
geometry-based method known as MLSEC (multilocal level set extrinsic 
curvature). [Xu,2005] also extracted the blood vessel skeleton, but in this 
research, the vector curve of blood vessel skeleton is obtained and a feature 
vector is defined which includes feature points, directions and zoom factor. 
Classification methods applied to retinal recognition found in the literature are 
the classical Euclidean Distance proposed by [Rahman,2008], a fuzzy C-means 
clustering proposed by [Tabatabaee,2006], and image registration [Ortega,2006], 
[Mariño,2006], [Xu,2005]. In these last three cases, the classification method 
consists in finding a transformation from the target retina-image into an 
objective retina-image. Once a transformation is performed, a measure of 
similarity is applied to determine whether the target image and the objective 
image belong to the same individual.  
In [Farzin,2008] a retina recognition system similar to the ones related for iris 
recognition and different to the previous ones is presented. It is similar in the 
sense that a ring of the vessel pattern is extracted and transformed to polar 
coordinates to generate rotation invariant features. This region of interest, 
centred at the optical disc, is extracted after a binarisation process is performed 
to enhance the vessel pattern. After polar transformation, a multi-scaled analysis 
is conducted using a discrete stationary biorthogonal wavelet transform, creating 
3 different feature vectors according to the diameter size of vessels. Finally, a 
similarity index is computed using a scale-weighted summation of a correlation 
function evaluated over each scale of the feature vector. 

Performance results on classification are quite promising as in most cases they 
reach more than 95% recognition rates. However, results are not comparable due 
to the reduce number of users used in the experiments and the lack of a reference 
database.  

 42 



INTRODUCTION 

Some databases used in retinal identification research, primarily collected for 
medical purposes, are: 

o DRIVE: The 40 images included in the DRIVE database were collected 
from a diabetic retinopathy screening program in the Netherlands, thus 
containing both signs of mild early diabetic retinopathy and no sign of 
retinopathy. The retina images were captured using 8 bits per colour and 
with a resolution of 768x584 pixels. Moreover, a single manual 
segmentation of the vasculature is also available. (URL: DRIVE) 

o STARE: One additional output of the STARE project, aimed at 
designing a system that automatically diagnoses diseases of the human 
eye, is the STARE database, that can be accessed on-line (URL: 
STARE). 

o VARIA: This Spanish database (URL: VARIA) contains a set of 233 
retinal images from 139 different individuals used for authentication 
purposes. The images have a resolution of 768x584 pixels. The images 
are mostly provided by the Complejo Hospitalario de la Universidad de 
Santiago (CHUS) and consist of optic disc centred images and macula 
centred ones. 

o MESSIDOR: This French dataset contains 1200 colour eye images, 
captured using 8 bits per colour plane at different resolutions (1440x960, 
2240x1488 or 2304x1536 pixels). As this database was collected for 
computer assisted disease diagnosis, it contains images with pupil 
dilation and without dilation. From each image an expert diagnosis is 
provided. (URL: MESSIDOR). 

• Voice 
Voice is a biometric characteristic influenced both by physical and behavioural 
characteristics of an individual. The physical component refers to the shape and 
size of the vocal tract, the vocal folds and in general all the appendages (lungs, 
trachea, vocal folds, tongue, oral/nasal cavities, lips, teeth) that are involved in 
the voice production process. These characteristics are almost invariant for an 
individual, however, the behavioural characteristics of speech changes over time 
due mainly to age, health conditions, emotional state, etc.  

Besides these intra-speaker variations and other problems such as speaker 
mimicking or replication of previous recorded voice to circumvent a voice 
recognition system, this biometric characteristics is becoming popular for 
biometric recognition thanks to: people acceptability as non-intrusive methods 
are used to collect voice information, availability of relative low-price high 
quality devices for collecting voice samples (computer microphones, telephone 
network, etc.), and last but not least, is the only biometric trait that can be used 
for identification over telephone. A good introduction to speaker recognition 
systems can be found in [Campbell,1997], [Nickel,2006]. 
Although a deeper review will be made later, a generic speaker recognition 
system can be divided into the blocks shown on Figure 1-9. 
The signal processing block allows the system to convert the voice into a digital 
signal that can be processed. This processed signal acquired is extremely 
influenced by the microphone quality, the communication channel and the 
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digitiser characteristics. The next step to be performed is the extraction of 
specific features from this speech signal that provides high inter-speaker 
variability and low intra-speaker variability. The most popular features extracted 
from the speech signal to be used in speaker recognition systems are Mel 
Frequency Cepstral Coefficients (MFCC) or Linear Prediction Coefficients 
(LPC), both of them conveying low-level spectral information. However, there 
are other low-level and high-level feature characteristics that have been used in 
this kind of systems, such as: formant estimation, pitch estimation, 
periodicity/prosodic measures, semantics, idiolects, pronunciations, etc. These 
features can be combined to improve the performance and make the speaker 
recognition system more robust. 

 
Figure 1-9 General voice identification system 

For the model building block, different approaches have been tested. Among 
them, the most popular are HMMs (Hidden Markov Models) in the case of text-
dependent systems and GMMN (Gaussian Mixture Models) for text-independent 
systems. Both methods provide a statistical representation of the speech, 
however, HMMs represent underlying variations and temporal changes over 
time found in the speech, while GMMs represents the different sound classes 
uttered by a speaker.  
Finally a decision over a target input speech to the system has to be made. For 
this purpose, the features extracted from the input utterance are compared with 
existing models of speakers to measure the similarity between them. If there is 
enough confidence that the utterance belongs to a known speaker previously 
modelled then, the system will recognise the speaker as an authorised user, 
otherwise the system will treat the input utterance as belonging to a no-
authorised user.  

In the state-of-the-art of speaker recognition systems performance is tested in the 
Speaker Recognition Evaluation (SRE) carried out by NIST (National Institute 
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of Standards and Technology). The evaluation results can be found at the NIST 
SRE web page: (URL: NIST-SRE) 
Like in other biometric characteristics, there are quite a lot number of databases 
for voice authentication research. Most of these databases are available through 
the Linguistic Database Consortium (URL: LDC) which collects and distributes 
speech databases for research and development purposes and the European 
Language Resources Association (URL: ELRA). We can divide the available 
databases into different subsets regarding the origin of the recordings, and also 
regarding the utterances performed by the speakers:  

o Telephone recordings: 
 Text-constrained speech: 

• The Idiologos/Bootstrap French database, developed 
under the Neologos project, contains French fixed 
telephone recordings of 1000 persons (470 males and 530 
females) balance across age and regional (12 distinct 
French regions were used) characteristics. The speakers 
uttered different information: digit sequences, a spelling 
of a directory assistance city name and 45 phonetically 
rich sentences.  [Pinto, 2004] (URL: IDIOLOGOS) 

 Conversational/spontaneous speech: 

• Switchboard is a collection of about 2400 American 
English telephone conversations among 543 speakers 
(almost gender balanced) talking about 70 different 
topics. Speakers’ age range from 20 to 60 and the 
educational level was: 14 persons for less than high 
school, 39 for less than college, 309 for college, 176 for 
more than college, and 4 for unknown. (URL: 
switchboard) 

 Both: 

• POLYCOST [Hennebert,2000] is an English-spoken-by-
foreigners database. 17 different mother-tongue languages 
were present among the 114 speakers (74 males and 60 
females). The recordings were performed in an average of 
9 sessions per speaker and there is almost no phone-set 
intra-speaker variability, as about 80% of subjects called 
from the same phone in all sessions. The recordings 
include: 10 prompts with connected digits uttered in 
English, 2 prompts with sentences uttered in English and 
2 prompts in mother tongue (One dedicated to free 
speech). 
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o Desktop/microphone recordings: 

 Text-constrained speech: 

• HESPERIA is a Spanish database recorded for the 
HESPERIA (Homeland sEcurity: tecnologíaS Para la 
sEguridad integRal en espacIos públicos e 
infrAestructuras) project (URL: proyecto-hesperia.org) by 
the GIAPSI (Grupo de Investigación en Informática 
Aplicada al Procesado de Señal e Imagen) research group. 
At the moment, this database recorded for speaker 
recognition purposes in high security applications consist 
of 202 speakers (109 male and 93 female), recorded in 
one session, under controlled conditions with different 
microphones uttering different pre-established speech 
(five Spanish vowels, name of speakers, a phonetically 
balance phrase, 1 minute reading of a text and different 
combinations of 4-digit pins). 

• YOHO database contains a large scale, high-quality 
speech corpus from 138 subjects (106 males and 32 
females) recorded in 4 different sessions. The recordings 
comprise the utterance of a sequence of three two-digit 
numbers. (URL: yoho) 

 Conversational/spontaneous speech: 

• Mixer Corpora: The databases generated under the Mixer 
Project (URL: MIXER), include speech from a large pool 
of speakers. In the case of Mixer 5 corpora, 300 speakers 
were recorded on 6 different sessions using 14 different 
microphones and in different communicative situations. 
The datasets recorded under the Mixer Project have been 
used in the NIST Speaker Recognition Evaluations (URL: 
NIST-SRE) and in the Language Recognition Evaluations 
(URL: LRE). A description of some of the recorded 
corpora can be found in [Cieri,2007] which includes also 
other corpora with telephone call recordings. 

• NIST Meeting Pilot Corpus Speech [Garofolo,2004] 
consists of recordings of meetings in which an average of 
6 people take part. There are 61 unique speakers (41 
males and 20 females) in the 19 meetings which contain a 
mix of real meetings and scenario-driven meetings. 

 Both: 

• Ahumada is a set of Spanish speech databases recorded 
under different conditions. In Ahumada I, up to 100 male 
speakers were recorded in 6 different sessions using 
different microphones and uttering both spontaneous 
speech and specific text. Ahumada II, contains the same 
speakers but recorded through the Spanish GSM network 
and 10 years later [Ortega-Garcia,2000]. Ahumada III 
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Release 1 consists of 61 male speakers extracted from 
authorised GSM conversational speech from real forensic 
cases [Ramos,2008]. 

o Broadcast resources: Although not specifically collected for speaker 
authentication purposes, these databases can be useful for speaker 
segmentation research. 
 In the 2002 Rich Transcription Broadcast News and 

Conversational Telephone Speech there is a subset of broadcast 
news data. This data is composed of six approximately 10-minute 
excerpts from six different broadcasts. The broadcasts were 
selected from programs from MNB, PRI, NBC, CNN, VOA and 
ABC, all collected in 1998. (URL: RTBNCTS) 

 The ESTER corpus includes near 2000 hours of French broadcast 
news and among them, 100 hours with information about speaker 
turns, identities, genre of the speaker, accent if any and if he/she 
is French native speaker. The acoustic resources come from: 
France Inter, France Info, Radio France International (RFI), 
Radio Télévision Marocaine (RTM), France Culture and Radio 
Classique. The records contain a total of 2172 speakers (744 
female, 1398 males and about 20 children) with about 20% of 
them being non-native speakers [Galliano,2006]. 

A special mention is to be made in relation with databases for speaker 
recognition. TIMIT (compiled in the early 1980’s) was one of the early corpora 
widely used for research in this area. TIMIT is a corpus of read speech, 
containing 10 phonetically diverse sentences spoken by each of 630 speakers 
chosen to represent 8 major dialect regions of the United States. The records 
were made using high quality microphones, lower quality microphones and 
different types of telephone channels. 

• Fingerprint & Palmprint 
A fingerprint is the pattern of ridges and grooves on the surface of a fingertip. 
Fingerprints have been used for identification purposes for many centuries 
providing high matching accuracy. So far, no known pair of fingerprints has the 
same pattern, even between identical twins or between each fingertip of the same 
person.  

The fingerprint acquisition process has changed over the years. The oldest 
method consists in the use of ink and paper to obtain a fingerprint. However, in 
the last years, live-scan acquisition systems have been developed making the 
acquisition process faster and cleaner, although the fingerprint area captured is 
usually smaller. These live-scan systems include optical methods, thermal 
imaging, electromagnetic field imaging or ultrasound imaging. A complete 
review of the different acquisition technologies can be found in [Adhami,2001]. 
Regardless the acquisition’s technology, there are some factors that prevent them 
from registering a good pattern, for example, skin disease, scars, sweat, dirt, etc. 
Previously to the matching phase for identification purposes, a set of features 
should be extracted from the fingerprint pattern. The fingerprint pattern can be 
analysed at different levels providing different types of features. A coarse 
analysis may provide a set of features that can be seen with the naked eye. The 
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flow of the ridge lines delineates a set of singular points that can be classified as: 
loop, whorl, arch and tented arch. These kinds of features are suitable for 
classification and indexing but do not provide enough distinctiveness for 
accurate recognition. External fingerprint shape, image orientation and image 
frequency are also coarse level features [Maltoni,2009]. A fine analysis of the 
fingerprint pattern will provide a set of characteristics called minutiae that are 
unique to the individual. Typically minutiae features are ridge bifurcations 
(points where a ridge splits to form a Y shape) and ridge terminations. However, 
a more complete set of minutiae points can be defined, including: lakes or 
enclosures, short or independent ridges, dots, spurs, and crossovers or bridges 
[Rahal,2006]. Minutiae information can be characterised based on orientation, 
spatial frequency, curvature and position [Weaver,2006]. At a very fine level, 
intra-ridge details, such as sweat points, can be detected. However, a high-
quality fingerprint acquisition is required making it unsuitable for most 
applications. Based on the idea of IrisCode described by Daugman, [Jain,1999-
A] introduce the idea of FingerCode for classification and matching. In this 
approach, the FingerCode feature vector is obtained after applying a Gabor filter 
bank over a ROI of the finger extracted after applying a Poincaré-based 
algorithm (a method to locate singular points in a flow field). 

According to [Maltoni,2009], fingerprint classification methods can be 
distributed into one of the following categories: 

o Correlation-based matching, in which correlation between input and 
target fingerprint images (at the intensity level) are computed for 
different alignments. Correlation matching can be performed both in the 
spatial and in the frequency domain. 

o Minutiae-based matching involves comparing the two-dimensional 
minutiae patterns extracted from the user's print with those in the 
template. i.e., finding an alignment between input and target fingerprint 
so that the number of coincident minutiae features are maximised.  

o Ridge feature-based matching: On these methods, fingerprints are 
compared in terms of local orientation and frequency of the ridge pattern, 
ridge shape or texture information. 

Palm recognition have become an area of interest mainly due to the increasing 
interest of law enforcement agencies, as at least 30% of prints lifted from crime 
scenes are of palms. Palm print recognition inherently implements many of the 
same matching characteristics of finger print recognition systems, as in both 
cases features are extracted from the information present in the ridge impression. 
Palms of the human hands contain a pattern of ridges and valleys like finger 
prints. However, palmprint scanners need to capture a large area, but on the 
other hand palmprints are expected to hold more distinctive features. 
Like in fingerprint feature extraction, a multi-resolution analysis can be 
performed. At low-resolution processing, principal lines, wrinkles and creases 
[Chen,2001] can be extracted. At high-resolution minutiae features from ridges 
existing in the palm and singular points can be characterised. Additionally, 
texture features of the skin can be used in palmprint recognition systems 
[Choras,2007-B]. Texture analysis can be performed using FFT, DCT, Gabor 
Filters [Shi,2007] or Wavelet transform [Butt,2008]. All features can be 
combined in order to build a more accurate biometric system. 
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Matching algorithms can be classified in the same way as in the case of 
palmprint recognition systems. Some works use Euclidean [Butt,2008] or 
Hamming distance [Shi,2007] classifiers, Neural Networks [Shang,2006] and 
Support Vector Machines [Zhou,2006] have also been used in palmprint 
recognition systems. 

The major drawbacks of both fingerprint and palmprint biometric recognition, 
are: a small fraction of the population may be unsuitable for automatic 
identification due to genetic factors, aging, environmental or occupational 
reasons. Although it is probably the most accepted biometric it is also associated 
with forensic recognition, especially for crime solving and police records. 
Additionally, fingerprints are not very private. We leave fingerprints everywhere 
and every time we touch something, thus the probability of a fingerprint being 
stolen is very high, and what is more problematic, once a fingerprint is stolen, it 
is stolen for live. Some work has been done on the problematic of using 
fingerprints for recognition purposes [Matsumoto,2002], [Uludag,2004], 
[Palka,2007]. 
The most known fingerprint database is the one owned by the FBI and used in 
the IAFIS (Integrated Automated Fingerprint Identification System). The IAFIS 
maintains the largest biometric database in the world and contains information 
(fingerprints and criminal history information) for more than 55 million subjects. 
(URL: Iafis). However, it is not publicly available. Fortunately, there are other 
fingerprint and palmprint databases available for research activities such as: 

o FVC databases: The FVC (Fingerprint Verification Competition) has 
been evaluating the advances in fingerprint recognition technologies 
every two years since 2000. For each of the competitions, they have 
provided different fingerprint databases. For instance, in the FVC2006 
(URL: fvc2006), four disjoint databases were collected with different 
sensor/technology where each database contains 1800 fingerprint images 
(150 fingers x 12 samples/finger) in 256 grey-level BMP format, with 
different size and resolution. 

 Sensor Type Image Size Resolution 

DB1 Electric Field Sensor 96x96 (9Kpixels) 250 dpi 
DB2 Optical Sensor 400x560 (224Kpixels) 569 dpi 

DB3 Thermal Sweeping 
Sensor 400x500 (200Kpixels) 500 dpi 

DB4 SFinge v3.0 288x384 (108Kpixels) About 500 dpi 
Table 1-2 FVC2006 Datasets 

o SFinGe: SFinGe stands for Synthetic Fingerprint Generator, and is a 
method developed at BioLab (URL: BIOLAB) for the generation of 
synthetic fingerprint images. (URL: Biolab-Fingerprint) 

o NIST Databases: The National Institute of Standards and Technology 
(NIST), has collected different databases for fingerprint recognition 
research (URL: Biomet), for example: 
 SD4: NIST Special Database 4 contains 2000 8-bit greyscale 

images of fingerprint image groups. Each image is 512x512 
pixels and is classify according to its pattern: arch, tented arch, 
left loop, right loop or whorl. 
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 SD9: NIST Special Database 9 contains 27000 8-bit greyscale 
images of mated fingerprint card pairs. Each image is 832x768 
pixels in size. 

 SD27: NIST Special Database 27 contains fingerprint Minutiae 
from Latent and Matching Tenprint Images. Each image is 
832x768 pixels in size, quantised to 256 levels of grey. 

o CASIA Palmprint Image Database V1.0: Contains 5239 palmprint 
images captured from 301 different subjects. All palmprint images are 8 
bit grey-level JPEG files collected in only one session. (URL: CASIA) 

o NAFIS (Australian National Automated Fingerprint Identification 
system): The NAFIS houses one of the largest repositories of palm prints 
in the world with 4.8 million palm prints. 

• Hand &Finger geometry 
Hand geometry refers to the use of dimensions of the hand for identification 
purposes. The information extracted can include, among others, size of palm, 
lengths and widths of fingers, shape, angles between landmarks, and ratios of 
those quantities. Hand geometry does not provide very distinctive characteristics 
(for example, hand size changes over time), however it is widely used for 
security application all over the world due to the user’s acceptability if compared 
with other biometric characteristics such as iris or fingerprint recognition 
systems.  
A recognition system based on hand geometry presents the same basic steps as 
other systems based on different biometrics: sample acquisition, biometric 
template building, and classification of a target sample into a known class 
(template). In a typical system [Jain,1999-B], hand image is acquired using a 
camera or a scanner. Additionally, a mirror can be used to project the side-view 
of the hand, resulting in hand thickness information acquisition. In order to 
standardise the acquisition process, pegs can be used in the acquisition surface to 
fix the position of hand and finger (see Figure 1-10). However, there is a trend to 
use a pegless acquisition process as long as all the fingers are placed apart 
during the acquisition process.  

 
Figure 1-10 Hand acquisition surface with pegs (extracted from [Jain,1999-B]) 

Usually silhouette is extracted from the hand image, thus high resolution images 
are not necessary. Moreover, in [Fouquier,2007] different resolutions have been 
tested yielding better results with lower resolution images. After image 
binarisation is performed, geometric features are extracted. 
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[Jain,1999-B] used a peg-image obtaining 16 features from the hand. These 
features include the width of the fingers at different positions, length of fingers, 
thickness of the hand and width of the palm. In [Sanchez-Reillo,2000-B] 31 
features have also been extracted from a peg-image, including 21 widths of 
fingers and palm, heights of the little finger, middle finger and palm, four finger 
deviations and 3 angles of the interfinger valleys with the horizontal. A feature 
selection based on the f-ratio process has been performed, resulting in a 25 
feature vector. [Covavisaruch,2005] built a 21 feature vector made up of the 
lengths of each finger, the widths of each finger at 3 different locations and the 
width of the palm. Contrary to previous works, [Faundez-Zanuy,2005] used a 
hand image acquired without the use of pegs or templates during the image 
acquisition process. In this work, some landmarks are previously detected: finger 
tips, valleys between the fingers and 3 additional points of the palm. Using these 
landmarks 8 points are extracted to build the feature vector representing the 
hand: length of the 5 fingers and 3 measures related to the palm landmarks 
previously extracted. [Kumar,2003] also built a 1x16 feature vector, which 
includes 4 finger lengths, 2 widths per finger, the palm width and length, hand 
area, and hand length. Other approaches which do not involve the use of detailed 
geometric measures extracted from the hand, but the hand silhouette itself after 
binarisation, is for example [Yöruk,2006], which compare two hand silhouette 
shapes in terms of the Hausdorff distance.  

In the classification or verification step, the use of different distance metrics are 
the most common approach [Jain,1999-B], [Covavisaruch,2005], 
[Fouquier,2007], although other pattern recognition methods have been tested. 
For instance, [Sanchez-Reillo,2000-B], have tested the Euclidean Distance, 
Hamming Distance, GMM or RBF-NN (Radial basis function neural networks) 
as classification methods. Among all these methods, GMM yields the best 
experimental results with a 97% of success. General Regression Neural 
Networks (GRNN) [Polat,2008], and Multi-Layer Perceptron (MLP) [Faundez-
Zanuy,2007] are also tested in hand biometric recognition systems. 
Although there is an increasing number of hand biometric commercial products, 
and the publications in this topic keep increasing, the number of public available 
databases is negligible if compared to other biometric characteristics. Most of 
the researches in this area are carried out using ad hoc databases, due to the low 
cost image acquisition systems. Moreover, we can divide the databases into two 
subsets depending on the kind of image acquired: fix-placement hand image 
using pegs to determine the right position of the hand [Sanchez-Reillo,2000-A], 
[Jain,1999-B] or free-placement hand image [Yöruk,2006], [Boreki,2005], 
[Polat,2008]. Despite this tendency to build ad hoc databases, we can find some 
public available databases for research purposes: 

o GPDS150hand database: This database contains 1500 right-hand images 
from 150 different individuals, resulting in 10 different images per 
person. The images were acquired over a scanning surface without peg 
limitations, and were stored in jpg format, 256 grey levels and 120 dpi of 
resolution [Ferrer,2007-B]. (URL: GPDS).  

o Biosecure database: Biosecure is a multimodal database which includes, 
apart from hand information, voice, face, signature, fingerprint and iris 
data. Hand information was acquired in two different sessions from 750 
individuals. For a subset of 642 individuals ambidextrous recordings are 
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available. For another subset, different resolution images were taken, 
resulting in a database of 4700 hand images. 

• Vascular Patterns 
Vascular pattern recognition, also referred as vein-pattern recognition consists in 
the use of blood vessel structure of hand or fingers for individual identification. 
Different researches have established that the vascular pattern of the human 
body is unique and does not change over time. Although this biometric trait 
shares some common points with retina identification, as it uses vein patterns of 
the human body, it presents additional advantages over it: higher user 
acceptability and hand/finger vein sensors are near contact-less and are more 
easy to use than retinal scans. Moreover, it also presents additional advantages 
over fingerprint or hand geometry biometrics. First of all, the sensors look for 
information below the skin; therefore it is not affected by finger/hand moisture, 
cuts or dirt. Secondly, vein patterns are difficult to forge because they are inside 
the hand and blood needs to flow to register the image.  
Table 1-3 shows some hand (a) and finger (b) vein IR images used for vascular 
pattern recognition [Shahin,2008-A], [Miura,2004], and FIR (far-infrared) image 
(c). 

 
(a) 

 
(b) 

 
(c) 

Table 1-3 Vascular patterns used for individual recognition 
Although different vein pattern recognition systems have come to market, there 
are few published research studies addressing the issue of feature selection in 
vein recognition systems. Almost all the researches on this biometric agree on 
the procedure for personal identification using vein patterns: (1) Image 
Acquisition, (2) Image Normalisation, (3) Pattern Extraction, (4) Matching.  
Different approaches have been tested for the first step. For instance, 
[Wang,2008] capture the vein pattern in the back of the hand, but imposing some 
restrictions in the position of the hand. [Ding,2005] and [Shahin,2008-A] use the 
palm-dorsa vein patterns but captured with the fist clenched. [Mulyono,2008], 
[Miura,2004] and, [Hashimoto,2006] restrict the problem of vein recognition to 
finger area.  
After vein structure is captured a normalisation step is accomplished to extract 
an emphasised vascular pattern. In most cases, this normalisation step involves 
the selection of a region of interest (ROI) from which features are extracted 
later. Furthermore, local thresholding [Shahin,2008-A], [Wang,2008], [Im,2001] 
or adaptive thresholding [Mulyono,2008], are used to highlight the vein 
structure, and a median filter is also used for noise reduction [Im,2001]. 
Additionally, some authors apply an extra step to accurately determine the vein 
structure. For example, [Wang,2008] and [Ding,2005] proposed the use of a 
thinning algorithm to reduce the size of veins; whereas [Miura,2004] proposed a 
line tracking algorithm for vein detection. 
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Most researches used the whole image after preprocessing for pattern matching 
[Shahin,2008-A], [Miura,2004], [Mulyono,2008], whilst others used minutiae 
points on the image (bifurcations and ending points) like [Wang,2008] or 
[Ding,2005]. A completely different approach is the one presented by 
[Lin,2004], who apply a multi-resolution analysis over selected dominant points, 
represented as the x and y coordinates, the grey values, the temperature gradient, 
and the gradient direction inside the vein skeleton of the hand.  

Finally, the matching step is accomplished using different approaches. 
[Ding,2005] use a structural matching computing distances between minutiae 
feature points. In a similar way, [Wang,2008] propose the use of the modified 
Hausdorff distance algorithm to evaluate the discriminant power of the set of 
feature points. However, this algorithm is quite sensitive to geometrical 
transformations on the data. On the other hand [Miura,2004], [Mulyono,2008] 
and, [Hashimoto,2006] use an improved template matching to compute the 
correlations between the input pattern and all the registered patterns. 
[Shahin,2008-A] perform a kind of registration process, in which a 2D 
transformation is carried out over the target image until a maximum correlation 
percentage between the target and the reference vein pattern is achieved. 
To the author’s knowledge there is no finger vein database available for the 
public research community. Therefore all the researches on this biometric trait 
build up their own vein database to evaluate the accuracy of their methods. 
However, some promising results are achieved regardless the small size of the 
databases used in the experiments. For example, [Shahin,2008-A] report and 
EER of 0.695% in personal identification, while [Miura,2004] reduce it to 
0.145%, and in the case of [Wang,2008] an EER of 0% is reported. 

• Signature / Handwriting 
Signature has been widely accepted for verification purposes, especially in 
commercial transactions, or in financial and contractual matters. It is considered 
a biometric trait showing both anatomic and behavioural characteristics of an 
individual influencing the way he or she signs. However, it is extremely 
conditioned by the individual behavioural component, as it changes over time 
and even between consecutive realisations, making it difficult to be used in high-
security systems due to its intra-class high variability. Moreover, signature can 
be easily forged (especially by professionals) as it does not rely on any physical 
characteristic. On the other hand signature verification enjoys public acceptance 
as it has been extensively used in bank checks or bank card transactions. 

Signature verification can by classified into two different categories, according 
to the acquisition process used to collect the data: off-line signature verification 
and on-line signature verification also known as dynamic signature verification. 
In the former, signature is represented as an image while in the later, not only the 
shape of the signed name is used but velocity, acceleration, pressure and 
direction of the signature strokes are acquired using adequate equipment as 
functions of time. Dynamic signature verification approaches are more robust to 
skilled forgery, as they present almost the same shape but handwriting motion 
details will probably be quite different. 
Different approaches have been tested both for classification and for the 
extraction of discriminative features from off-line signature data. Since these 
methods deal with image data, most of them perform a preprocessing stage in 
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order to remove useless and noisy information from the image. This 
preprocessing step usually includes binarisation of the signature image, noise 
reduction and/or image resizing. The set of features extracted from the signature 
data and the classification methods vary from approach to approach. For 
instance, [Han,1995] use geometric (horizontal bars, vertical bars and loops) and 
topological features (end points, branch points, crossing points, convex points, 
and concave points) from which he builds a 2-dimensional symbol vector. In this 
case the matching criterion used is the 2D string longest common subsequence 
(LCS) shared by two 2D strings. Fuzzy and Neural Network classifiers were 
used in verification systems [Zhou,1996]. The system input was a set of four 
features referred as: reference pattern based features, global baseline, pressure 
features and slant features. [Porwik,2007] extract a set of four features 
(proportion factor, vertical and horizontal projections, centre of gravity and the 
Hough transform) and computed a weighted global similarity coefficient to 
determine the likelihood between two signatures. [Özgündüz,2005] propose the 
use of SVM’s one-against-all method to verify and classify the signatures. In this 
case, each signature is represented as a set of features extracted from signature 
densities, signature-line directions and specific characteristics of the signature 
shape.  

In the case of on-line verification systems, we can classify them regarding the 
type of features they used to build a signature representation. In other words, we 
can find systems based on global features (features are extracted for the whole 
signature, for instance average signing speed or Fourier descriptors of the 
signatures trajectory), local features (features are extracted for each sampled 
point, for instance distance and curvature change between successive points on 
the signature trajectory), segmental features (features are extracted from each 
segment in which the signature is divided) or a combination of some/all of them. 
[Jain,2008] present a set on 100 features for on-line signature verification, while 
[Richiardi,2005] review the most classically used global and local features 
(velocity in 2D, acceleration, pressure or pen azimuth among others). 
Additionally, [Richiardi,2005] present a feature dimensionality reduction 
method based on Fisher ratios and GMM classifiers assuming that the feature 
probability densities are unimodal Gaussians (which is not always true for every 
cited feature). The main problem on-line methods have to face is the variability 
in signing speed, which may lead to different signing trajectory lengths even for 
signatures belonging to the same person. Therefore, a method for normalising or 
aligning two signatures is commonly used in almost all systems, among which 
dynamic time warping (DTW) is the most popular. [Guru,2009] propose a 
system based on a set of 11 global features which represents each signature, and 
used Fuzzy C-means algorithm to classify the signatures, thus providing a 
semantic representation for each class. Additionally they provide a comparison 
between this method and other 14 state-of-the-art classification methods using 
the same database. [Kholmatov,2005] and [Alonso-Fernandez,2005] present two 
different systems using local features. The first one implements a Bayes 
classifier, an SVM classifier and a linear classifier in conjunction with PCA 
using three local features of the points on the signature trajectory: x–y 
coordinates relative to the first point of signature trajectory, the x and y 
coordinate differences, and the curvature differences between two consecutive 
points. [Alonso-Fernandez,2005] use a set of 7 discrete-time functions and first 
order derivatives of all of them but in this case, the classification method used 
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was HMM. [Kiran,2001], [Igarza,2003] and [Liu,2008] prosose different 
systems based on the combination of global and local features using GMMs, 
HMMs and a two-stage classifier based on a majority classifier and Neural 
Network classifier, respectively. Finally [Li,2006] propose an online signature 
verification using null component analysis (NCA) and PCA applied on 
segmental features computed using segmentation algorithm proposed in 
[Brault,1993]. 

Depending on the method used for signature recognition, i.e. static or dynamic, 
different databases are used. In the case of static methods only bitmap image 
analysis is performed, and they can be acquired using a scanner to acquire both 
signatures and handwritten text from white paper. However, in the case of 
dynamic methods, additional devices are needed which provide information 
about position, pressure time stamps, etc. of a signature. The first databases are 
known as off-line databases and the later ones as on-line databases. Due to its 
easy to collect properties of handwriting information and the popularisation of 
tablet PC’s for data acquisition (in the case of online databases), most research 
groups used their own database both for handwriting and signature recognition 
[Nalwa,1997]. However, there are some public available databases for research 
activities: 

o NLPR: The on-line handwriting database consists of both English and 
Chinese handwritten texts acquired from 149 writers in two sessions. 
Handwriting data is collected using a Wacom Intuos2 tablet. For each 
writer, 6 sentences are stored: 1 Chinese sentence of about 50 words, 1 
English sentence of about 50 words, 2 additional and different from the 1 
Chinese sentence of 50 words, and 2 additional and different from the 1 
Chinese sentence of 50 words. In each writer file, the signature is 
represented as a sequence of points. The first line stores a single integer 
which is the total number of points in the writer file. Each of the 
following lines corresponds to one point characterised by features listed 
in the following order: x-coordinate, y-coordinate, time stamp, button 
status, azimuth, altitude, and pressure. More information can be found in 
(URL: NPRL). 

o SUSIG: Is an online signature database collected in two different 
sessions using two different hardware acquisition devices. It contains 
over 5000 signatures and is divided into two different datasets. The Blind 
sub-corpus was collected using a Wacom’s Graphire2 pressure-sensitive 
tablet in one session, and no visual feedback of the signature was 
provided. For each of the 100 individuals (25 women and 65 men) in the 
sub-corpus, eight or ten genuine signatures and a total of ten skilled 
forgeries from the same person were collected. Signatures in the Visual 
sub-corpus were collected using an Interlink Electronics’s ePad-ink 
tablet which is able to display people’s signatures while signing. For 
each of the 100 individuals (29 women and 71 men) in the sub-corpus, 
20 genuine signatures (in two different sessions one week apart) and 5 
skilled and 5 highly skilled forgeries were collected. Each signature in 
the database is saved as a text file, containing the x and y coordinates, 
time stamp, and pressure level for each point on the signature trajectory 
[Kholmatov,2009]. 
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o BIOMET: This multimodal database includes among other biometric 
information, hand and online handwritten signatures collected from 327 
individual, gender balanced. The database was registered in three 
different sessions. In the first session, 15 genuine online signatures and 
17 impostor online signatures were collected for 130 individuals using a 
Wacom Intuos2 tablet. The x and y-coordinates, pressure, azimuth and 
altitude for each point on the trajectory were recorded. In the second and 
third recording campaign the same tablet was used, but a Wacom’s Ink 
Pen was used, thus providing visual feedback and both online and hand 
handwritten signatures for the 197 left individuals. Forgery signatures 
were provided by five different impostors performing the imitation 
signatures [Garcia-Salicetti,2003]. 

o MCYT: Is a bimodal database that comprises both fingerprint and 
handwritten signatures as biometric features. Both on-line information 
and off-line information are considered in the database. 330 individuals 
were involved in the acquisition process. For each one, 25 genuine 
signatures and 25 additional highly skilled forgeries (provided by 5 
different people) were collected. For the online handwritten signature 
acquisition process a WACOM pen tablet, model INTUOS A6 USB had 
been used, thus providing, for each point on the signature’s trajectory, 
the x and y-coordinates, pressure, azimuth and altitude. No timestamps 
are provided [Ortega-Garcia,2003]. 

o SVC2004 / NISDCC-09: The main strength of these two different 
databases is the availability of benchmark results of signature 
verification systems that have participated in the SVC2004 competition 
or will participate in the sigcomp09. The SVC2004 database 
[Yeung,2004] was acquired in two different sessions using the WACOM 
Intuos tablet. The database contains 4000 signatures from 100 
individuals, with 20 genuine signatures from each contributor (but not 
using his/her real daily used signature) and 20 skilled forgeries from at 
least four other contributors. The NISDCC database contains 
simultaneously acquired online and offline signatures. The collection 
contains 5 genuine signatures for each of the 12 genuine contributors (i.e. 
60 authentic signatures) and 5 forgeries per authentic signature from 31 
impostors. (I.e. 31 x 12 x 5= 1860 forgery signatures). The online 
signature is captured using an inking digitiser pen on a Wacom A4-
oversized tablet, resulting in both digital information and green ink 
signatures on white paper. And the offline signature collection was 
scanned at 600dpi from the original paper registered signatures. The 
online dataset provides information about pen position, pressure, pen tilt 
and azimuth (URL: SIGCOMP09-NISDCC). 

o Artist’s Signatures: This is a curious hand-copied signature database as 
far as it contains 55000 signature examples by 50000 artists active from 
1800 to the present. It is available on line at URL: artists’ signatures. 

• Keystroke dynamics 
Keystroke dynamics refers to the way a person types in a keyboard when using a 
computer. It is supposed that each person types in a specific way, thus allowing 
the recognition of a person identity while using a keyboard and without the use 
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of additional hardware unlike in other biometric recognition systems. Moreover, 
the used of an ID/Password combination is universally accepted as a method for 
individual verification when using computer equipments, so the incorporation of 
keystroke dynamics as an additional security step will be straight forward and 
will not produce people’s rejection. Additionally, with this method, constant 
authorisation of a person using a system can be performed if constant 
unobtrusively monitoring of the keyboard is performed while the user is typing 
[Rybnik,2008]. As keystroke dynamics is a particular instance of behavioural 
biometrics, it can also be used to perform emotion recognition [Lv,2008]. 

Designing a keystroke recognition system involves different stages that have to 
be analysed: 

o Database acquisition: Up to now, no standards have been defined to 
establish a protocol on data acquisition for keystroke recognition. As 
reported later, some authors acquired user data in one session 
[Chen,2004], [Jin,2008], [Monrose,1997], [Chang,2005], others used 
multiple sessions [Revett,2007], [Bergadano,2002], [Obaidat,1997], 
[Araujo,2005]. The number of samples collected from each user for 
training purposes is also variable, ranging from four samples (a fixed text 
of 683 characters) in [Bergadano,2002], 20 samples 
(username/password/first name /last name) in [Chen,2004] or 30 samples 
of their keystroke pattern for a particular string [Hosseinzadeh,2008]. 

o Feature extraction: Hold-time (also known as keystroke duration or dwell 
time, i.e. the time interval a particular key is held down) and keystroke 
latency (the time interval between two successive keystrokes) are the 
most popular features used for keystroke recognition [Obaidat,1997], 
[Araujo,2005], [Hosseinzadeh,2008]. Additionally, [Saevanee,2009] and 
[Monrose,2000] used the pressure applied to the key being held down 
and in the case of [Monrose,2000] the finger placement is also used as a 
feature. Another approach relies in the use of n-graphs, which refers to 
the elapsed time between the first key is pressed until the nth occurrence. 
[Bergadano,2002] used trigraphs in their experiments. [Shiv 
Subramaniam,2007] ruled out the used of graphs of order higher than 
three when using username/password recognition. 

o Classification methods: Different approaches have been proposed for 
classification purposes. In [Bleha,1990], probably one of the earliest and 
most known researches in this area, a Bayesian statistical classifier and a 
minimum distance classifier (after a dimensionality reduction based on 
Fisher’s Linear Discriminant) were used. Other works using statistical 
classifiers are, for example: [Araujo,2005], [Rybnik,2008], 
[Boechat,2007], [Monrose,2000], [Hu,2008]. Stochastic modelling using 
GMMs or HMMs have also been used in [Hosseinzadeh,2008] or 
[Chen,2004], respectively. Fuzzy logic has also been applied using a 
user’s categorisation as output [Jin,2008], [Herbst,2008]. Finally, neural 
networks have also been used in some experiments: [Saevanee,2009] 
propose the use of a Probabilistic Neural Network (PNN) as the 
classification method, [Loy,2007] use the ARTMAP-FD and they also 
provide a comparison between this method and other machine learning 
systems in terms of performance. [Cho,2006] test different classification 
methods: k-Nearest Neighbour, back-propagation neural networks, and 
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Bayesian classification. [Obaidat,1997] provide a comprehensive review 
of different classification methods already cited. 

The performance results presented by the different researches are, in most cases 
not comparable, mainly by the lack of a standard database for testing purposes. 
However, some works report promising results of this biometric characteristic 
for identification purposes and also compare different features and classification 
methods [Cho,2006], [Hosseinzadeh,2008]. 

Contrary to other biometric characteristics, no public database is available for 
keystroke dynamics research. Authors have compiled their own databases for 
their specific research and in most cases the size of these databases are quite 
small. The lack of a reference database does not allow performing a comparison 
between different approaches to the keystroke recognition problem. Moreover, 
there is not a standard procedure to collect a keystroke database resulting in 
different approaches to data acquisition. Some authors have collected the train 
and test data in the same session, [Chen,2004], [Jin,2008], [Chang,2005], which 
means that no much variation is going to be found among all the realisations of 
each user. This is quite important because keystroke biometrics is a behavioural 
characteristic that can vary over time due, for instance, to emotional state. Other 
authors have used data collected over different sessions. [Revett,2007] record 
logging information at 3 different periods of the day (morning, noon and early 
evening) over a 7-day period. [Bergadano,2002] collect information from 44 
individuals over a one-month period, and additional 110 intruders were asked to 
provide a text sample. [Obaidat,1997] build database information from 15 
individuals providing genuine and forgery logging information everyday for an 
eight-week period. In [Araujo,2005] information was collected using two 
different keyboards and in different sessions. Thirty individuals provide both 
genuine and forgery logging information (knowing the string typed and also 
knowing the way the other users type). Other authors like [Lv,2006] or 
[Hu,2008] do not even provide information about time acquisition procedures.  

• Gait 
Gait, defined as the way people walk is a quite novel characteristic used in 
biometric recognition. Most approaches use video information as the major 
source of information for gait recognition, therefore a great improvement has 
been made in this area as computational resources became sufficient to process 
video with reasonable performance [Nixon,2006]. Gait recognition is far away 
of achieving as good results as other biometric traits, mainly because of its small 
discriminatory power. However, it allows verification in some low-security or 
event oriented applications [Guo,2008], [Jain,2004-B], [Nixon,2006]. On the 
other side, gait is an attractive biometric feature for human identification 
because it can be acquired at distance, i.e., it can be measured at low resolution, 
and used in situations where face or iris information does not have sufficient 
resolution for recognition, it is difficult to disguise and it does not require a 
cooperative subject [Hong,2008], [Chai,2006]. 
In one of the earliest psychophysical studies of human perception of gait 
[Johansson,1975] people were recognised based on silhouette movement. Later 
on, gender identification attributed to anatomical differences, was performed in a 
similar manner, thus providing evidence that identity information is hidden in 
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gait and inspiring the development of vision-based algorithms for gait-based 
human recognition.  
From a technological point of view, three main approaches have been considered 
for gait recognition purposes: vision-based recognition [Nixon,2006], floor 
sensor approaches [Middleton,2005], and wearable sensor based recognition 
[Gafurov,2007]. Technology aside, recent gait recognition methods can be 
roughly divided into two main classes: model-based methods and model-free 
methods. Both methodologies follow the general framework of image-
processing, feature-extraction, feature correspondence and high-level processing. 
As reported in [Kale,2004-A], the main difference lies in the feature 
correspondence phase. Model-based approaches explicitly model the shape or 
motion trajectories of human body and the kinematics of joint angles, so feature 
correspondence is established by matching each frame of a walking sequence to 
the model. [Lee,2002] present a model based on specific information extracted 
from a set of ellipses in which the silhouette is divided and the mean and 
standard deviation of region features across time. Recognition is achieved using 
the K-nearest neighbour approach. In [Cunado,2003] a structural and temporal 
pendulum-based description of the thigh is developed and the k-nearest 
neighbour rule applied to the upper-leg motion Fourier components is used for 
classification. [Guo,2008] create an HMM gait-model for every known 
individual, based on anatomical information extracted from binarised silhouette. 
Classification is carried out using a Bayesian classifier. In a similar way, 
[Ye,2007] apply SVM’s to model gait information extracted from individual 
binarised silhouettes after performing a data dimensionality reduction based on 
discrete wavelet transformation (DWT). The main advantages of model-based 
method are their ability to reduce the dimensionality to represent the data, and to 
deal with occlusion and noisy data. On the other hand, high computational cost 
is a drawback due to complex model search and matching. 

 
a) 

 
b) 

 
c) 

Figure 1-11 Different approaches for human gait model. a) [Guo,2008] b) 
[Cunado,2003] c) [Lee,2002] 

Model-free methods are based on the extraction of shape and/or movement 
information from the subject’s silhouette, i.e., the motion pattern is characterised 
regardless the underlying structure of the body. [Kale,2004-A] propose two 
different set of features (the outer contour of the binarised silhouette and the 
binary silhouette itself) and two different approaches to gait recognition based 
on HMM representation of gait. In an indirect approach, frame to exemplar 
distance (FED) is used to extract structural and dynamic traits of a subject. The 
gait information reflected in the FED vector is modelled in a hidden Markov 
model (HMM). In the direct approach, a feature vector extracted from the image 
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is used to train the HMM model for each individual. In [Sarkar,2005] a four-part 
algorithm that relies on silhouette template matching was developed. After 
silhouette extraction, gait period is extracted to compute the similarity between 
two gait sequences based on spatio-temporal correlation. [Hong,2007] propose 
the use of sequences of mass vectors extracted from the binarised silhouette or 
its contour to represent human gait after applying PCA for dimensionality 
reduction purposes. DTW is chosen as the matching scheme. [Nandini,2008] use 
periodicity of legs and the maximal information compression index between 
silhouettes extracted from different stances of a person to perform gait 
recognition. The main advantage of model-free approaches is its lower 
computational complexity due to the use of dimensionality reduction techniques, 
especially PCA. Moreover, it is a holistic approach, so methods used for human 
gait recognition can be applied to non-human gait recognition with little 
modifications. A deeper and more detailed state of the art review can be found in 
[Nixon,2006]. 

A meta-analysis of gait identification rates as reported in state-of-the-art 
literature can be found in [Liu,2006-B], achieving over 90% of identification 
under situations where the training and test data are captured under similar 
conditions [Nixon,2006]. Performance of gait recognition systems is highly 
affected by the size of the database used in the research. Whereas it is 
comparatively effective regarding other biometric characteristics when tested 
with small databases, its performance is significantly reduced with larger ones (> 
50 individuals) [Liu,2006-B]. Most of the more recent studies on gait 
recognition make use of the database collected during the DARPA HumanID 
program (USF/NIST HumanID gait challenge database). This dataset, see 
[Sarkar,2005], consists of 1870 sequences from 122 subjects spanning five 
covariates (surface type, shoe-wear type, weight carried, camera view-point, 
time acquisition). However, there are other databases also used for gait 
recognition research: CMU-MoBo database [Gross,2001], CASIA gait database 
(URL: CASIA), HID-UMD database [Kale,2004-A], [Kale,2004-B], the 
Southampton database [Shutler,2004], etc. 

• Odour 
Despite being cited as a biometric characteristic for human identification 
purposes, it is still not clear whether body odour can be used in this way. 
Moreover, in a recent article posted in the Washington Post (URL: Washington 
Times), it is said that the United States Department of Homeland Security (DHS) 
through the department of Science and Technology, will conduct a research on 
this area to find evidences supporting the theory that an individual can be 
identify by its odour. 
A general approach to solve the problem of odour recognition, regardless human 
identification purposes, involves two main components: a sensing system that 
captures the odour and a pattern recognition platform that enables the 
recognition system to classify an odour based on the information supplied by the 
sensing system.  

As reported in [Korotkaya,2003] there are five categories of sensors available 
for building an electronic nose: Conductivity sensors, piezoelectric sensors, 
MOSFET odour-sensing devices, optical fibre sensors and spectrometry-based 
sensors. In the case of the pattern recognition subsystem for the electronic nose, 
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the most used approach is based on artificial neural networks [Ferreira,2005], 
although statistical methods and neuromorphic models have also been tested 
[Keller,1999].  

The main problems affecting the used of odour as a biometric are 
o Lack of an odour-sensing instrument (also known as electronic-nose) 

with enough capabilities to capture the volatile chemicals that the human 
body emits which make up the person’s smell.  

o The odour signature of the human body is affected by the use of 
deodorants or perfumes, diet and medication, odour transference between 
individuals or even environmental conditions such as pollution 
[Jain,2004-B], [Delac,2004]. 

• DNA 
As far as DNA (Deoxyribonucleic acid) recognition is currently not performed 
by an automated method, there is no agreement on the research community on 
whether it can be considered a biometric trait. It provides the most accurate 
performance for positive person identification, as genotypic features are physical 
features that do not change under almost any circumstance and DNA model 
adaptation is not needed over time. Although it is extremely reliable, DNA 
recognition have some drawbacks when compared to other biometric 
characteristics 

o It cannot distinguish between identical twins [Delac,2004]. 
o It is mainly used in the context of forensic applications, so DNA use can 

elicit some rejection among its users for its relation with crime 
investigation. 

o Although DNA investigation is a hot topic and more research is needed 
to completely understand all the information embedded in it, it is clear 
that it carries information about susceptibilities of a person to certain 
diseases that can lead to some kind of discrimination, e.g., in hiring 
practices, enrolment in health insurance, etc. 

o Real-time recognition is not currently possible, because DNA profile 
extraction involves the use of chemical methods that cannot be 
performed without expert involvement 

A DNA profile can be generated using samples from blood, saliva, hair, bone or 
other body tissues. To extract this DNA profile different processes are involved 
related to biology, technology and genetics. Once the DNA profile from an 
individual is extracted, it is compared with other DNA profiles to establish the 
origin of the sample. The comparison is performed on the basis of samples, 
rather than on the basis of models as defined in other type of biometrics. More 
information on DNA forensics can be found in [Butler,2005], [Rudin,2001] and 
URL: DNA. 

Although much research is done on DNA, due to its forensic application the 
development and maintenance of DNA databases for human identification 
purposes relies mainly in state governments and its access is usually restricted to 
law enforcement agencies. 

 61 

http://www.dna.gov/


INTRODUCTION 

o NDIS (National DNA Index System): It is the highest level of the 
CODIS (Combined DNA Index System) hierarchy, allowing the 
laboratories participating in the program to exchange and compare DNA 
profiles at the USA national level. The CODIS includes also a SDIS 
(State DNA Index System) and a LDIS (Local DNA Index System). By 
the end of 2008 the NDIS contains over 6,730,749 offender profiles and 
248,943 forensic profiles. The profiles in the CODIS are categorised into 
one of the following categories: convicted offenders (individuals 
convicted of a crime), forensic (DNA profiles developed from crime 
scene evidence), arrestees (profiles of arrested people whenever the state 
law permits it), missing persons, biological relatives of missing persons 
and unidentified human remains. More information can be found in 
UTL: CODIS 

o NDNAD (National DNA database in UK): The NDNAD includes DNA 
samples obtained both at crime scenes and taken from individuals in 
police custody. It is the largest DNA database (4,457,195 individuals) in 
proportionate terms in the world, with 7.39% of population in the 
database with no information of children younger than 10. More 
information about this database can be found in URL: DNA-database or 
URL: police.uk  

Nevertheless, no single biometric characteristic will be able to fulfil all the requirements 
described by [Clarke,1994] and [Jain,1998] completely. In other words, no biometric 
trait is optimal taken alone; therefore the selection of one or another for a specific 
application will depend on the particular application. For example, a DNA-based 
technique is probably the most accurate technique however; it will be unsuitable for 
telephone base applications, as far as only voice-based biometric authentication seems 
to be applicable in that case. Moreover, error rate is not the only consideration to be 
taken into account. Other factors which have a strong influence when designing a 
biometric security system are: cost, integration in existing security infrastructure and 
user comfort, sense of hygiene (whether they require contact between the person and the 
sensor) and privacy (whether the information collected can be used for other purposes 
different from identification). 
Depending on the security level that we want to achieve, and the specific requirements 
of the system, one or more of these biometric traits may be used, possibly under a 
multimodal fusion scheme 

1.4.2 Multibiometrics 

As we have already stated, some security systems combine different kinds of 
information for recognition purposes (something the person owns, something he/she 
knows and something he/she is). Another approach to increase the security of a system 
is biometric fusion. NIST defines biometric fusion as “the use of multiple types of 
biometric data, or methods of processing, to improve the performance of a biometric 
system”. 
Multimodal biometric systems are expected to improve authentication rates if compared 
with unimodal systems due to two aspects related to the used of multiple traits: they 
ensure sufficient population coverage (not all people are suitable for all kind of 
biometrics) and provide anti-spoofing measures because an intruder needs to provide 
multiple biometric traits simultaneously. However, this kind of systems has also its 
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drawbacks. A multimodal biometric system requires the users to provide multiple traits, 
which may bother him/her. Additionally, the use of multiple sensors and the plausible 
increase of computational requirements will increase the system’s cost. 

Biometric fusion can be achieved through different techniques [Jain,2004-B], 
[Ross,2007] that include:  

• Multiple sensor systems: Information from the same biometric is captured using 
different sensors. For example, voice can be captured using landline telephone, 
mobile telephone or different quality microphones, resulting in the acquisition of 
complementary information.  

• Multiple biometrics: Different biometric traits (for instance, voice and face) are 
used to establish the identity of a user. These systems require the use of multiple 
sensors.  

• Multi-sample systems: These systems used a single sensor to obtain multiple 
samples of the same biometric, in order to account for intra-class variations or to 
build an accurate model of the user. For instance, different images of the face in 
different positions or with different expression, or multiple voice utterances 
under different emotional conditions. 

• Multi-instance systems: Refers to the acquisition of multiple instances of the 
same biometric trait. For example, palm prints of both hands or an image of each 
of the two irises can be acquired. 

• Multi-algorithmic systems: This kind of systems applied different feature 
extraction techniques and/or matching algorithms on the same biometric 
characteristic.  

• Hybrid systems: The term hybrid refers to the use of a combination of the 
different scenarios presented above. For example, we can combine a multi-
biometric system and a multi-algorithmic system to improve the identification 
rates. 

An additional classification can be performed regarding the stage at which the 
information fusion is done: 

• Fusion before matching: Two different modalities can be classified into this 
category: sensor level fusion and feature level fusion. The first one refers to the 
used of information acquired using multiple sensors or multiple snapshots of the 
same biometric using a single sensor. In the case of feature fusion, the data 
obtained from different biometrics are combined into a single feature vector. 
[Samad,2007] proposed a multi-sample approach by fusing multiple 
spectrographic samples from different utterances at the score level, using the 
average operator. [Rattani,2007] proposed a feature fusion of fingerprint and 
face images. In order to make both set of points compatible for concatenation, a 
preprocessing step is applied consisting of feature normalisation, concatenation 
and reduction. 

• Fusion at the matching score: Each biometric matcher provides a similarity score 
between the input feature vector and a model. These scores can be combined to 
improve the recognition rates. Additionally, if the biometric system operates in 
identification mode, the output of the biometric system is a ranking of identities 
instead of a match score, thus the aim of the rank fusion is to derive a consensus 
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rank based on the individual rankings. [Snelick,2005] experimented with five 
different fusion methods: simple-sum, min-score, max-scores, matcher 
weighting and user weighting. The matching scores were generated from three 
fingerprint and one face COTS (Commercial of-the-shell) biometric systems. 
[Monwar,2008] introduced a rank level fusion based on Borda count method and 
Logistic regression method. The unimodal ranks are obtained from face, ear and 
signature biometric systems. 

• Fusion at the decision level: In this case, each biometric system provides its own 
recognition decision. Therefore, the decision fusion can be performed applying: 
AND/OR rules, majority voting schemes, etc. For instance, [Melin,2005] 
propose the use of a fuzzy system to implement the decision unit based on the 
results provided by the face, fingerprint and voice biometric systems. 

The key when combining multiple biometric modalities is the selection of uncorrelated 
or negative correlated sources. A combination of this type will lead to higher 
improvement in performance.  
There is a large amount of literature on fusion techniques in biometrics 
[Rodriguez,2008], [Ross,2007]. 

1.4.3 Multimodal biometric databases 

Some researches in the area of multibiometrics used ad hoc databases compiled for the 
specific research carried on [Kim,2008], [Shahin,2008-B]. Others simply create a 
database combining unimodal biometric databases which provide information from 
different individuals, i.e. they associate an individual from a database with an individual 
from other database creating a virtual subject, as in the case of [Monwar,2008] or 
[Snelick,2005]. 

However, there are some multimodal databases available: 

• NGI: NGI stands for Next Generation Identification (URL: NGI). It is not really 
a database but it’s a program initiated by the FBI with the purpose of 
incrementally replace the IAFIS. The aim of the project is to incorporate to the 
fingerprint database other biometric modalities as they become cost effective, 
probably becoming one of the biggest multimodal biometric databases in the 
world, unfortunately only available for law enforcement purposes. Besides 
fingerprint information, it will include among other information, palm prints, 
face, iris and voice. 

• BIOMET: BIOMET is a biometric database which includes five different 
characteristics: face, voice, fingerprint, hand, and signature data. The database 
was acquired in three different sessions with three and five months spacing 
between them. Among the 130 individuals who got involved in the database 
creation, only 91 completed the three sessions. The database is balance in gender 
and with ages ranging from 20 to 60 years. Audio and video (centred on face) 
were captured simultaneously using a digital camera. Additional face 
information is extracted with an infrared camera and a 3D acquisition system. 
2D Hand information is captured with a scanner. Signature information includes 
both dynamic and static information. Finally fingerprint information was only 
collected for the index and middle finger [Garcia-Salicetti,2003]. 

• MyIdea: MyIDea includes talking face, audio, fingerprints and palmprints, 
signature, handwriting and hand geometry. 104 individuals were recorded over 
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three different sessions without any control on the interval between sessions. 
Like the BIOMET database, it offers two bimodal voice-signature and voice-
handwriting simultaneous recordings. A digital video camera and a webcam 
were used for voice and face acquisition, additionally, high-quality audio is also 
available. For fingerprint acquisition two different sensors were used: optical 
and thermal sensors. Palm prints were acquired using a scanner, while the hand 
geometry information was extracted using a digital camera and a pegged-
platform for standardisation purposes. Signature and handwriting was recorded 
in a similar way to BIOMET [Dumas,2005]. 

• MOBIO: MOBIO database contains both audio (both native and non-native 
English) and video (face) data recorded form 152 people (100 males and 52 
females) from five different countries in 12 different sessions. The database was 
recorded under real noise conditions using two types of mobile devices: mobile 
phone (NOKIA N93i) and laptop computer (2008 MacBook). More technical 
details about MOBIO database can be found in [McCool,2012] and (URL: 
https://www.idiap.ch/dataset/mobio). 

• BIOSEC: The BioSec corpus includes fingerprint, face, iris, and voice 
information. In the case of fingerprints, three different sensors were used to 
capture index and middle fingerprints of both hands. Four face images were 
acquired with a webcam, with different facial expressions in each shot. The 
database also includes four iris images of each eye. If the subject wears glasses, 
he/she is asked to take them off for iris acquisition but not for face registration. 
Voice is acquired in two different ways: using the webcam while face 
registration, and using a specific microphone. Four utterances of a user-specific 
8-digits pin pronounced digit-by-digit is recorded. Additionally, three utterances 
of other users’ pin to simulate informed forgeries are also recorded. The 8 digits 
were recorded both in Spanish and English. Two releases of the database are 
available. The BioSec-Baseline comprises information acquired from 200 
subjects in two different sessions, while the BioSec-Extended comprises 
information acquired from 250 subjects in four different sessions. The age of the 
subjects range from 18 to 62 and it is not gender balanced [Fierrez,2007]. 

• XM2VTS: XM2VTS is a multi-modal face database captured onto high-quality 
digital video. It contains synchronised image and speech data from 295 
individuals recorded in four different sessions at one month interval. Two 
recordings were made on each session. The first one includes a frontal-face 
video acquisition while the subject utters two sequences of digits and a 
phonetically balanced sentence. In the second part, video images were acquired 
while the subject rotated its head. When applicable, subjects were asked to take 
off their glasses [Messer,1999]. 

• MCYT: MCYT is a bimodal database which includes fingerprint and signature 
information collected from 330 individuals in a single session for each 
individual. The fingerprint sub-corpus consists of 12 samples from each finger 
of each individual acquired using an optical and a capacitive sensor. In the case 
of the signature sub-corpus, both on-line and off-line information are captured. 
For each subject, 25 true signatures and 25 skilled forgeries (produced by the 
five subsequent targets) were obtained using a WACOM pen tablet [Ortega-
Garcia,2003]. 
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• BiosecureID: This database registered in four different sessions distributed over 
4 months, includes the following information from 400 subjects: voice, face, iris, 
fingerprints, hand, writing and signature and, keystroke biometrics. The database 
is gender balanced and covers the age range above 18. For each subject, ten 
short Spanish sentences and four realisations of a personal pin, uttered digit-by-
digit were recorded in high-quality audio with noise cancellation. Iris 
information was acquired for both left and right eyes, twice. Although people 
were encouraged to remove their glasses during the acquisition process, the use 
of contact lenses was allowed. In the case of face, there are video and static 
images available. Four frontal static images are captured and a video sequence is 
recorded while the subject produced an 8-digits pin, thus voice and face 
biometric information is simultaneously recorded. The database also includes a 
total of 64 fingerprints for each individual, captured with a thermal and an 
optical sensor, from index and middle fingers of both hands. Complete 2D hand 
information is registered with a scanner. Behavioural biometrics where also 
included in the database, as both handwritten signature and text were registered, 
including on-line and off-line information. Finally, keystroke dynamics were 
included into the database, but registering only time information about keystroke 
for fixed text. The database contains information which simulates replay attacks 
for both speech and keystroke biometrics and skill forgeries for signature 
[Fierrez,2010]. 

A deep review of different multimodal databases can be found in [Faundez-
Zanuy,2006].  

 # of 
subjects 

# of 
sessions 

# of 
characteristics Voice Fa Ir. Fp Hp Hw Ks 

NGI n/a n/a n/a x x x x x   
BIOMET 91 3 6 x x  x x x  
MyIdea 104 3 5 x x  x x x  
MOBIO 152 12 2 x x      
BIOSEC 250 4 4 x x x x    
XM2VTS 295 4 2 x x      

MCYT 330 1 2    x  x  
BiosecureID 400 4 7 x x x x x x x 
Table 1-4 Summary of multimodal databases (Fa-face, Ir-iris, Fp-fingerprint, Hp-hand 
print, Hw-handwriting, Ks-Keystroke) 

1.4.4 Biometric applications 

Biometric-based authentication applications have experienced a great deployment in the 
last years, mainly due to cost reduction of biometric devices, the increase of 
computational power and the increase of authentication accuracy rates. According to 
[Jain,2004-B], biometric applications can be divided into different groups: 

• Commercial applications. 
o Some notebooks (HP, Acer, Fujitsu, etc.) include a fingerprint 

sensor/reader which allows biometric login into the system instead of the 
classic user/password login. One of the latest companies in introducing it 
is Apple in the iPhone 5S. 

o Japanese financial (Mizuho Bank, Sumitomo Mitsui Banking, Bank of 
Kyoto) institutions have incorporated finger and palm vein 
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authentication technologies for their ATMs in order to increment security 
and reduce card fraud [Jones,2006]. 

o Biometric access control can be found in electronic games like the 
Password Journal® from Girl Tech® (URL: girltech), which 
incorporates a voice recognition application to provide access to the 
journal, or in building access control like the solutions propose by: IITS 
(UTL: iits), Sagem (URL: morpho), LG IrisAccess (URL: lgiris), or 
Mag-Gate physical access from Cogent Systems (URL: MagGate). 

o Password reset via voice biometry is used by employees at Bankinter 
(URL: agnitio.es)  

• Government applications. 
o The California Department of Social Services (CDSS) uses the Statewide 

Fingerprint Imaging Systems to eliminate duplicate aid in the State’s 
public assistance program (URL: sfis). 

o The U.S. Department of Homeland Security introduced in 2004 the US-
VISIT program to collect information about the travellers entering the 
USA. This program collects biometric information of individuals such as 
fingerprint or face image for authentication purposes. The United 
Kingdom (URL: ukba-homeoffice) or the United Arab emirates [Al-
Raisi,2008] have also deployed a biometric system for border control, 
but based on iris information. At Ben-Gurion airport in Israel (URL: iaa-
gov) the passport control is done by biometric reading of the hand. 

o Some nations use National ID systems that incorporate biometric 
information about the individual, such as the Spanish DNI (URL: DNI) 
based on fingerprint information or the British Identity Card (URL: ips-
gov-uk), which registers iris, face and fingerprint information. 

o Access to the inner areas of the Nuclear power plants in USA, where 
vital equipment is located, is controlled among other systems, through 
the use hand geometry access control systems. (URL: nei-org) 

• Forensic applications. 
o The FBI Laboratory’s Combined DNA Index System (CODIS) is used 

for law enforcement purposes, matching DNA profiles with crime scenes 
and human remains. (URL: CODIS) 

o The IAFIS (Integrated Automated Fingerprint Identification System) 
provides automated fingerprint search capabilities for law enforcement 
purposes. Deployed in 1999, it holds the largest biometric database in the 
world (URL: IAFIS).  

o Suspect identification. There are many commercial applications which 
deals with the problem of suspect/terrorist detection based on facial 
recognition using video surveillance information, such as FRS Suspect 
Detection (URL: FRS-SD) or x-ident Video Identification (URL: x-ident 
VI). 

Last trends in biometric technology and applications can be found in URL: 
Biometrics. Moreover, not only the Biometric Consortium maintains an on-line 
library of publications and a list of biometric vendors, but also sponsors the 
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Biometric Consortium Conference and Technology Expo (URL: Biometrics-
events) which is focused on biometric technologies for homeland security, 
identity management, border crossing, electronic commerce, etc. This Expo is 
useful for surveying the commercial state of the art. 

1.5 STATE OF THE ART IN SPEAKER RECOGNITION 
Voice biometrics, also known as speaker recognition, can be defined as the application 
of speech processing techniques and theories to the identification of a specific person, in 
other words, it tries to establish the identity of a person analyzing its voice. Figure 1-12 
shows how voice biometry relates to both areas previously cited (speech processing and 
biometrics). 
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Figure 1-12 Voice Biometry and its relation to Biometrics and Speech Processing 
Speaker recognition is related to biometrics in the sense that the aim of biometric 
systems is to identify or recognise a person by using intrinsic characteristics of him/her. 
The use of voice, unlike other biometric characteristics, such as fingerprints, retinal 
pattern, genetic information, gait, etc., represents an additional challenge because it is 
influenced by both physiological and behavioural characteristics. However, the use of 
voice in a biometric system has also its advantages: 

• Although our world is mostly visual, language is probably the most important 
feature that distinguishes humans from non-human beings. In this sense, the 
exchange of information among people is usually done by means of speech and 
this makes the use of voice for security purposes more acceptable than other 
characteristics such as retinal or iris scan (considered invasive), fingerprints (for 
its relation with criminality), etc. 

• The use of voice as a biometric characteristic for identification does not require 
(generally speaking) additional expensive hardware, just a microphone to 
capture the voice. For example, nowadays, almost everybody have a mobile 
phone or a laptop, and in these devices there is always a microphone, which can 
be used to capture voice from a person and verify its identity before allowing 
him/her to use the device. However, it is more difficult to find a fingerprint 
reader, iris scanner, not to mention the hardware needed to perform a DNA test.  

On the other hand, voice biometrics is related to speech processing, because to achieve 
its goal, it extracts the information from an utterance. 

 68 

http://events.jspargo.com/biometrics09/public/enter.aspx
http://events.jspargo.com/biometrics09/public/enter.aspx


INTRODUCTION 

 
Figure 1-13 Speaker Recognition 
Voice Biometrics, from now on Speaker Recognition (SR), is a general task that can 
also be divided into two specific tasks that have been extensively studied over the last 
decades: Speaker Identification (SI) and Speaker Verification (SV) (see Figure 1-13). 

Even though the main goal of both tasks is to establish the identity of the person 
responsible for a specific utterance, we can distinguish both tasks for the aim of its 
application. In the case of identification (Figure 1-14), the objective is to establish the 
identity of the person producing the utterance among a group of, N, previously 
modelled speakers, therefore known to the system, being the target speaker part of this 
set. This task is also known as closed-set speaker identification [Reynolds,1995-B]. If 
we assume, that the unlabelled voiced can belong to an unknown speaker, that is to say, 
not previously modelled, then the problem can be formulated as open-set speaker 
identification [Park,2006]. In this type of systems, it could be convenient to allow a 
dynamical update of speaker models. 

 
Figure 1-14 General Speaker Identification System 

In speaker verification systems (Figure 1-15), the goal is to determine if a person is who 
he or she claims to be. For this reason, it is also known as open-set speaker verification 
system, because it has to distinguish the speaker’s voice, already modelled, among a 
huge set of possible impostors. Clearly, the decision to be made involves accept the 
utterance as belonging to the claimed speaker or reject the speaker, as it is supposed to 
be an impostor. Verification is a more complex task than identification, but it is also 
more challenging for its commercial applicability.  
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Figure 1-15 General Speaker Verification System 
Another characteristic of Speaker Recognition is its dependence or independence from 
the text used both to model the set of speakers who are going to be known to the system 
and to get access to the system. From this point of view, we can classify the system as: 

• Text-independent: In this mode, the message emitted by the speaker is not 
constrained to any previous restriction.  

• Text- dependent: In this kind of systems, the message produced for the 
verification process is already known by the system and by the speaker. This 
provides additional security, as far as the speaker should have not only the 
correct voice, but also has to know the correct password.  

• Text- prompted: This is a special case of text-dependent system, because now it 
is the systems who ask the user to repeat a specific message that can be a 
sequence of digits, some specific words or some phrase.  

Each of these modes has its pros and cons. For example, text-independent systems are 
more user-friendly as far as identification can be performed while the speaker is 
producing any message so he/she is not expected to say any specific text. However, it 
requires more data to train specific models and usually performs worse than text-
dependent or text-prompted systems. Text-dependent systems perform better than text-
independent systems and need less information to build speaker models, but require the 
user to be more collaborative. Finally, text-prompted systems provide additional 
security measures which make them suitable for security access control; because the 
user does not know in advance the specific message he/she will have to produce, thus 
making the system more robust to impostor access through the use of recordings.  
So far we have only reviewed the text phase, but clearly, both in SI and in SV, it is 
necessary to perform a previous train phase in which the voice of each of the speakers 
supposed to use the system will be processed to get a model of each one. This model 
will be used later for comparison purposes.  
Speaker recognition has been an active area of research since late 70s and early 80s 
[Atal,1976], [Doddington,1985]. There are even previous works on the area such as 
[Kersta,1962] which is one of the earliest works in using spectrograms in speaker 
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recognition. However it keeps on being an active area of research which means that 
speaker recognition has not achieved optimum performance and more research needs to 
be done. 

 

 
Figure 1-16 Train/Enrolment phase 

To effectively perform a revision of the state-of-the-art in SR systems, it is necessary to 
split it in the 4 different modules that are involved in such a system [Jain,2004-B]: 

• Data acquisition: Responsible for capturing the voice signal. The study of this 
module is out of the scope of this thesis, and an extensive review does not make 
any sense, but just as a hint, it can be as simple as a PC microphone or more 
complicated as the whole telephone system or a specifically designed room with 
different types of microphones, to deal with microphone and channel variability 
during speech collection.  

• Feature extraction: Responsible for extracting the most relevant features for the 
speaker recognition task from the data collected by the data acquisition module.  

• Class Modelling/Class Decision: As it has been previously said, a model of each 
of the speakers involved in the system will be created. The class decision 
module is in charge of confirming a claimed identity (speaker verification 
system) or to establish the identity associated to a specific utterance (speaker 
identification). This decision will be taken comparing the input utterance with 
the models already known. 

• Database: Used by the system to store the models or relevant information for 
each of the speakers. Depending on the specific application in which the system 
will be used, this database can be centralised or distributed, in this last case, each 
user will be in possession of its own model in a smart card for verification 
purposes. 

Let’s review how the feature extraction and the class problem have been classically 
addressed in the literature.  

1.5.1 Feature extraction 

A large amount of information can be extracted from the voice signal that can be useful 
for the speaker recognition task. The most important aspect in choosing a good set of 
parameters for speaker recognition is, generally speaking, that they provide high 
speaker discrimination power, that is to say high inter-speaker variability while keeping 
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low intra-speaker variability. More precisely we can enumerate some specific 
characteristics [Atal,1976], [Jain,2004-A] that are desirable when choosing the features: 

• Universality: Each person should have the characteristic, although specific 
features, such as some kind of pathologies, not present in all people, can be also 
suitable for speaker recognition. 

• Distinctiveness: Different speakers should be sufficiently different in terms of 
the characteristics. This also implies that the metrics should be not easily subject 
to mimicry or impersonation.  

• Permanence: The characteristics should be stable over time and change little 
over different productions of speech.  

• Collectability: The set of characteristics should be easy to measure and occur 
naturally and frequently in speech. 

Classical approaches in speaker recognition focus in using, almost exclusively, a 
statistical spectrographic representation of voice. That is to say, devoting all the efforts 
to spectral information rather than temporal, although as it is already known, some 
important features for speaker characterisation are hidden in temporal patterns. Some 
examples of these temporal features can be the use of specific words or phrases, and 
some specific patterns related to them, such as intonation, temporisation within certain 
words, or other acoustic events [Scheffer,2005]. Taking into account the different nature 
of the features use for speaker recognition, we can classify feature extraction modules in 
three categories: 

• Low level features: Biometric and spectral levels can be considered as low-level 
features. Biometric level refers to the use of specific characteristics in the 
speaker’s production of voice difficult to impost as they are related to 
physiological or/and behavioural aspects. Among these features we can cite: 
short-term perturbation in the fundamental frequency (jitter) [Jankowski,1995], 
perturbations on the cycle-to-cycle phonation amplitude (shimmer) 
[Farrús,2007]. On the other hand, spectral level has been extensively used in 
speaker recognition systems for feature extraction. Typical methods in this 
spectral level are: Short-time spectrum (no matter if we use the exact 
representation or its approximation by filter banks) [Burget,2007], 
[Seddik,2004], [Xiang,2003], predictor coefficients (based on a linear model of 
speech production: [Park,2006]), formant frequencies and bandwidth (defined as 
the resonance frequencies of the vocal tract: [Fatima,2004]) or even the formant 
trajectories [Tanabian,2005].  
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Figure 1-17 General filter bank-based cepstral parameterisation 
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Figure 1-18 General LPC-based cepstral parameterisation 
However, the short-time spectrum has formed the basis for most works in 
characterizing speech in parametric form. The following procedure is usually 
followed: first of all, the voice signal is filtered to detect speech activity, erasing 
segments in which message is not present. Then, the power spectral density of 
the remaining segments is estimated by a specific procedure (FFT – see Figure 
1-17, LPC – see Figure 1-18) over a sliding overlapped window whose duration 
in time is less than the whole signal (typically 20 ms). The use of sliding 
overlapped windows allows a good estimation of the temporal variability of the 
signal while granting the stationary assumption of the signal for processing. 
Finally, this PSD is parameterised to obtain the MFCC (Mel-Frequency Cepstral 
Coefficients) templates and optionally we can incorporate some dynamic 
information, using the Δ and ΔΔ (polynomial approximations of the first and 
second derivatives), that give and estimation of how these MFCC features vary 
over the time. These feature vectors are aligned in streams to build templates for 
classification purposes. 

One of the drawbacks of this low level feature approach is that they fail to 
capture long-term habitudes in a speaker’s style, such as duration and pausing 
patterns, intonation and the use of specific words or phrases. Moreover, the 
performance of these systems is also affected by acoustic environment 
variations, noisy channels and microphone degradation. 
Another important fact is that the MFCC obtained from the power spectrum 
hides some harmonic structure related to the fundamental frequency, which is 
considered a high level feature. Some attempts have been made to remove the 
influence of pitch in the speaker recognition systems, such as [Zilea,2003]. 

• High level features: This set of information reflects behavioural characteristics 
of speakers, such as prosody (pitch, duration and energy), phonetic information, 
pronunciation, emotion, stress, idiolect word usage, conversational patterns, etc. 
These differences in the speaking habits result from the manner in which people 
have learned to use their speech mechanism; but at the same time, the 
sociolinguistic context, the education and the socio-economic environment 
playing an important role in these differences. In high level feature recognition 
systems, a sequence of symbols is extracted from the acoustic signal, and 
speaker recognition can be carried out analyzing the frequency and occurrence 
of these symbols. The most investigated high level features for speaker 
recognition are:  

o Prosody: Prosodic level uses the fundamental frequency (F0) and energy 
variations over long-term segments (words or phrases) of voice to 
capture long-term information. The rhythmic level deals with speaking 
rates, pausing, balance between voiced sounds (presence of vocal chords 
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vibration) and unvoiced sounds (articulation without vocal fold 
vibration). [Sönmez,1998] use a stylised F0 contour to produce some 
linear model parameters in conjunction with intonation features (duration 
of continuously voiced regions and pauses). These parameters are then 
used as statistical features for speaker verification. [Kajarekar,2003] 
extract four types of prosodic features: pitch, duration, pause and energy, 
over different regions. These features are modelled using Gaussian 
Mixture Models (GMM). [Adami,2003] use bigrams to model the slope’s 
sign of the F0, energy trajectories and duration of specific segments. 
Moreover, these features have also proven their value in emotion 
identification tasks as reported by [Barra,2006], and this is also a 
drawback, because pitch is susceptible of changing over time due to 
emotional state or even effort level. 

o Phonetic information: Phonetic level deals with the detection of spectral 
structures known as phones, diphones or triphones in which specific 
articulation features are present. Usually Hidden Markov Models 
(HMM) are used for phone detection and modelling [Campbell,2003-B], 
[Kohler,2001]. This phone detection can be performed using phonetic 
transcriptions or using data-driven phone-like units derived directly from 
un-transcribed speech as in [El Hannani,2007]. The next step is to 
compute relative frequency of specific tokens through the relative 
frequency of each phone n-gram, and to use them as features for training 
the speaker’s model [Hatch,2005]. Relative frequencies computed, 
typically, over bigrams or trigrams are then used as inputs to recognition 
algorithms based on likelihood ratios between target speaker’s model and 
background speaker’s model, resulting in an n-gram model for each 
speaker [El Hannani,2007]. Other approach uses Support Vector 
Machines (SVM). In these systems, a phone sequence is vectorised by 
computing frequencies of N-grams. This vector becomes the input of a 
SVM to produce a score, which is compared to a threshold to make a 
decision of acceptance or rejection [Campbell,2003-B]. 

o Idiolectal word and phone usage: The use of certain words or phrases by 
speakers, have proved to be useful in characterizing speakers for 
identification purposes. Moreover, intonation, stress and timing related to 
this words or phrases, are also useful features. This idea was 
implemented in [Doddington,2001], where the lexical content of the 
speech (bigrams, such as “you bet”, “it were”, “so forth”, etc.) was 
modelled through the use of n-grams. In this work he applied 
conventional log likelihood ratios for test. [Sturim,2002] use cepstral 
GMM to build text-constrained GMM-UBM systems, modelling acoustic 
units or groups of units (specific words or groups of words). In recent 
approaches such as [Boakye,2004], speaker models consist of whole-
word (word bigrams) models represented by adapted world-level HMMs. 
However, these techniques actually change a text-independent system to 
a text-dependent system or; as it is called, text-constrained speaker 
recognition systems. 

The main drawback, as reported in different studies of this kind of systems 
[Doddington,1985], [Campbell,2007], [Campbell,2004-A], is its necessity for 
more information for both training and testing phases if compared to low level 

 74 



INTRODUCTION 

feature systems. Another problem is that speaker recognition results tend to be 
corrupted by the errors in detecting phonetic events. On the other hand, 
[Petrovska-Delacrétaz,2007], pointed out that these high level features are less 
sensitive to noise and channel mismatch than the low level ones.  

• Multilevel features: Simultaneously to the development of high-level feature 
systems, most researches tried also to fuse this information with that provided by 
low-level systems, yielding further improvements in speaker recognition. These 
improvements are due to the complementary characteristics of acoustic and high 
level features [Gonzalez-Rodriguez,2007]. Different methods have been used to 
fuse low-level and high-level feature system results: SVMs, GMMS, and MLP 
(MultiLayer Perceptron). In [Stolcke,2007-B], subsystem scores are used as 
inputs for an SVM-based combiner, trained to minimise the NIST decision cost 
function, reporting some improvements in speaker recognition performance. The 
low-level features subsystems used are classical cepstral SVM and GMM 
systems. For high-level feature subsystems, they use among others an SVM-
based system that model syllables and word NERFs (Nonuniform extraction 
region features). [Garcia-Romero,2003] test two different fusion methods, SVM 
and Sum combination, yielding to an improvement in performance only for the 
SVM fusion method. In this case only two systems were fused: GMM acoustic 
system and word bigrams as reported in [Doddington,2001]. Again, GMM-
UBM and SVM spectral based verification systems were used as low-level 
feature systems. As high-level feature systems they used the one described in 
[Doddington,2001], and also incorporated information from pitch, energy, 
prosody (intonation, rhythm and stress), and phone stream by both N-gram 
phone modelling and phone-SVM classifier. However, no improvements were 
reported due to cross-lingual degradation. [Campbell,2003-A] also used a single 
layer perceptron for fusion purposes, but also reported no significant differences 
between GMM and perceptron fusion systems. Different tests were carried out 
to determine which set of subsystems provide better results, leading to a 0.22% 
EER for the fusion of cepstral GMM-UBM system, pitch and energy track 
dynamics, duration and pitch related features, phone binary trees, and word n-
grams. It is also relevant, that they achieved a 0.9% EER fusing only high-level 
feature systems. 

From this review, we can extract some conclusions:  

• Multilevel feature systems provide better performance than low-level and high-
level alone, but a specific fusion strategy is necessary. 

• The performance of the systems depends not only on the set of selected features, 
but on the classification method as well. 

• Mel-frequency cepstral coefficients and their dynamic coefficients have been the 
dominant feature parameters, and used as baseline for systems comparison. 

• Although there are some sets of features that provide a good performance for 
speaker recognition purposes, no best combination have been found yet. 

• There are some works that used genetic algorithms for feature selection such as 
[Zamalloa,2006]. 
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1.5.2 Class modelling and classification methods 

As we have already pointed out, performance of speaker recognition systems highly 
depend on the class modelling and classification methods. That is to say, the same 
feature set may provide different performance depending on the classification used.  

For speaker recognition, class modelling refers to the process of building a speaker 
model based on the specific features extracted from the voice signal. Classification 
refers to the process of evaluating the membership of a specific input feature vector, 
during test phase, to a specific class or speaker model. However, a perfect classification 
performance is most of times impossible, due to different problems in finding the 
appropriate features to build the models. For that reason, a more general task consists in 
determining the membership probability of a specific input vector for each class or 
category, and then deciding on the class for which the likelihood measure is largest. 

Different class modelling techniques have been successfully tested in speaker 
recognition systems, which can be classified into three categories, depending on how 
they model the data (generative models, discriminative models and fusion). A review of 
all these techniques is beyond the scope of this document. More information on these 
methods can be found in [Friedman,1999], [Duda,2000], [Quatieri,2001], 
[Rabiner,1993], [Bengio,1995], [Burges,1998]. However, a more strict review of the 
specific techniques used will be presented latter. 

• Generative models: These models are designed to capture the joint probability 
distribution of the training data. In other words, they compute the mean and 
variance of the training data available for a specific speaker. These methods 
have the advantage of using only data for the specific class to be modelled for 
training purposes, therefore adding a new class (speaker) to the speaker 
recognition system is done straight forward by learning its joint probability 
distribution without taking into account or modifying all previous models. 
The most popular generative method used for speaker recognition is without any 
doubt Gaussian mixture models (GMM). Presented in [Reynolds,1992], it has 
been accepted as a baseline for comparison with other methods, due to the high 
accurate results in text-independent speaker recognition applications. This 
method have also been used in text-dependent [Kim,2004-B], text-constrain 
[Sturim,2002] and text-independent [Reynolds,2000] speaker verification, in 
high-level feature speaker verification systems [Kajarekar,2003], and especially 
in low-level feature systems [Yang,2005], [Gómez,2008]. 

Not only GMM’s have been used as a generative method for SR. Hidden 
Markov Models, have been also used. Although they have been extensively used 
for speech recognition [Rabiner,1989], it has been successfully applied to SR as 
reported in [Kohler,2001], [Ang,1997], [Dumitru,2006]. 

o Template models: Considered to be the simplest of the classifiers, they 
can be regarded as a special type of generative models because they only 
model the mean of the available data but not the variations. These 
methods were used in the past, and have been replaced mainly by GMMs 
or SVM, although they are still used in combination with other methods 
as in [Ilyas,2007]. As template models we cite Dynamic Time wrapping 
(DTW) and Vector Quantisation (VQ). Both methods have been 
extensively used in speaker recognition, although VQ mostly in text-
independent systems and DTW in text-dependent systems [Yu,1995].  
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• Discriminative models: In this case, we are not interested in modelling the joint 
probability distribution of the training data, but just the discriminative regions of 
the distribution, that is to say, the border between the different classes 
(speakers). For that reason, for training a specific class or speaker it is necessary 
to provide training data for both the target speaker and all the other speakers 
supposedly using the system. So actually they model differences between 
speakers rather than a specific speaker. The main problem of this kind of 
systems is that if a new speaker is to be incorporated in the system, all the 
previous models in the system need to be recomputed. Moreover, these methods 
are less robust against impostors, since each speaker is modelled in relation with 
all the other known speakers. So a new impostor in the system will not be easily 
classified as an impostor. 

The discriminative methods most used in speaker recognition are: Support 
Vector Machines (SVM’s) as in [Campbell,2002-A], [Campbell,2003-B], 
[Campbell,2004-A], [Campbell,2007], [Hatch,2005], [Lin,2006], 
[Stolcke,2008]; Neural Networks (NN) as in [Badran,2000], [Timms,1992], 
[Seddik,2004], especially Multilayer Perceptrons (MLP’s) as in [Konig,1998], 
and polynomial classifiers as in [Campbell,2002-B]. 

• Fusion: Some works focus on fussing generative and discriminative methods to 
improve speaker recognition system’s performance. There are different ways of 
combining these methods. We can use a generative method to train 
discriminative methods or the other way around, or more simply, we can fuse 
results from different methods in a collaborative way to get a global score from 
the individual scores. In this last case, each method can use different sets of 
features, allowing us to fuse results from low-level feature systems and high-
level features.  
As an example of the first way of combining different methods in [Liu,2006-A] 
speech data is used to train a GMM adapted from a UBM. Then means from 
Gaussians are used to train an SVM system. 

[Hou,2003] used GMM’s output to adjust the probabilistic output of SVM. Both 
SVMs and GMMs are trained independently using low-level features, and 
during the test phase the probability outputs are used to adjust the posterior 
probability output of SVMs. Another example in which results from low-level 
feature GMM and SVM systems are combined is [Campbell,2004-B], but 
instead of using a probabilistic approach they used both a linear combination 
and a perceptron approach to fuse the results. [Xiang,2003] used a multilayer 
GMM to model each of the speakers in the system and a multilayer UBM from 
which they adapted each of the speakers. The scores obtained from each layer 
are then fused using a multilayer perceptron to get a final decision. 

There are also other works in which, they fuse results from different systems 
which deal with different types of features, i.e., low-level feature systems and 
high-level feature systems. [Reynolds,2005] and [Campbell,2003-A] fused the 
scores from systems dealing with spectral, prosodic, phonetic and idiolectal 
sources using a perceptron classifier. Other approaches used SVMs as a fusion 
method [Garcia-Romero,2003]. 
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1.5.3 Class decision 

The last step in a speaker recognition system is the decision making, i.e., whether to 
accept or reject an utterance as belonging to a specific user. In the speaker identification 
task, there is no threshold, as the most likely model for the input utterance is chosen as 
the target speaker. So this problem mainly affects speaker verification tasks. Assuming 
that we can compute the likelihood that an input utterance belongs to a specific speaker 
(model) then, if this likelihood (or matching score) is higher than a decision threshold 
the speaker will be accepted as the origin of the utterance. Although computing the 
likelihood is a straight forward task once we have chosen the feature extraction and the 
modelling technique, finding an optimum threshold is not easy and is usually fixed 
empirically. 
Why is it so difficult to find a threshold? In [Li,1988], it is shown that there is a strong 
variability of matching scores even for a single speaker. And conclude “no absolute 
threshold on raw scores can be chosen which will give reliable decisions even if the 
threshold is speaker dependent”. This matching score variability is due to different 
aspects: 

• Unless specifically design, training data is going to be very different form each 
speaker in the system. These differences are related with sound acquisition 
device variations, transmission variability, environment noise, phonetic content 
and finally the amount of available training data between speakers, which can 
also be a problem.  

• As for the training data, test data also have a deep impact on scores. Even in the 
case in which differences in training data are negligible, test utterances can be 
captured in different conditions as the ones in training data. So the problems are 
the same: channel and acquisition devices mismatch, environment noise, 
duration and phonetic content of test segments.  

• Finally, the matching scores are also affected by intra-speaker variability, i.e., 
variations in speaker’s voice due to different issues: emotional state, health 
problems or even changes over age. 

To make speaker recognition tasks more robust to these problems, several score 
normalisation techniques have been investigated. Although a deep review on 
normalisation techniques can be found in [Bimbot,2004] and [Auckenthaler,2000] 
where a performance comparison between different normalisation techniques is carried 
out, the most popular normalisation techniques are: 

• Cohort-base and world model normalisation: These score normalisation 
techniques work under the assumption that an input utterance from a known 
speaker (or target) will match its reference model better than they match other 
speaker’s model, as the reference model is built from utterances from the same 
speaker as the input utterance.  
Speaker verification systems that use these normalisation techniques are also 
known as likelihood-ratio-based speaker verification systems, because to decide 
whether to accept or reject an utterance the following test is performed: 

𝑃(𝑋|𝜆𝑡𝑎𝑟)
𝑃(𝑋|𝜆𝑡𝑎𝑟�����)

�> 𝜃,𝑎𝑐𝑐𝑒𝑝𝑡
< 𝜃, 𝑟𝑒𝑗𝑒𝑐𝑡

� 
Eq. (1-4) 
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The difference between cohort-base normalisation and world base normalisation 
is based on how they build tarλ , as it must represent, at least in theory, the 
whole space of possible impostors to the target speaker. In the case of using the 
cohort approach, we can compute 𝑃(𝑋|𝜆𝑡𝑎𝑟�����) as: 

𝑃(𝑋|𝜆𝑡𝑎𝑟�����) = 𝑓{𝑃(𝑋|𝜆1), … ,𝑃(𝑋|𝜆𝑏)} Eq. (1-5) 

where B={λ1,…, λb}, is a set of background speakers, and f is a function over all 
the probabilities that the input utterance belongs to a background speaker. 
Examples of cohort normalisation can be found for example in [Reynolds,1995-
A], where f is defined as 
𝑃(𝑋|𝜆𝑡𝑎𝑟�����) = 1

𝐵
∑ 𝑃(𝑋|𝜆𝑏)𝐵
𝑏=1 , or in [Ilyas,2007]. 

The main problem in cohort normalisation is how to select the background 
speaker models (same or different sex as the target speaker, same or different 
age, etc.) and the number of background speakers that represent the population 
of expected impostors (ideally the larger the better, but there are still 
computational and storage constraints). Some works have also been carried out 
on cohort selection [Colombi,1996]. To overcome these problems, the set of 
background models was replaced with a single model (also known as world 
model or universal background model). This idea, introduced by [Carey,1991], 
consists in building a general or world model using utterances from a large 
number of speakers of the population in general, and use this model as the 
alternative (non-target) hypothesis. This method has been extensively used with 
successful results [Heck,1997], [Reynolds,2000], [Sturim,2002], [Zheng,2006]. 

• Zero Normalisation: Also known as ZNorm, it was first introduced by [Li,1988]. 
In this case, the normalised score is given by: 

𝑆𝑍𝑁𝑜𝑟𝑚 =
log�𝑃(𝑋|𝜆𝑡𝑎𝑟)� − 𝜇𝜆

𝜎𝜆
 

Eq. (1-6) 

where μλ and σλ are the mean and standard deviation for the impostor 
distribution. In other words, the aim of ZNorm is to scale and shift the 
distribution of scores between a target speaker and a set of impostor utterances 
to the standard normal distribution. To estimate these values, µλ and σλ, the 
target speaker model is tested against utterances from impostors, this result in a 
set of likelihood scores from which the impostor distribution is estimated. This 
normalisation technique has also been applied in [Barras,2003] for speaker 
verification over cellular data. 

• Handset Normalisation: Also known as HNorm. This normalisation technique 
arises from the problem presented in [Reynolds,1996], in relation with handset 
variability between utterances collected for training and testing. In this work 
several channel compensation techniques and a new cepstral mean subtraction 
was proposed without a great improvement. So in [Reynolds,2000] a variation 
of the ZNorm, called HNorm was proposed to improve performance. During the 
test phase, the handset type for each utterance is established and the handset 
specific normalisation parameters are applied: 

𝑆𝐻𝑁𝑜𝑟𝑚 =
log�𝑃(𝑋|𝜆𝑡𝑎𝑟)� − 𝜇�𝐻𝑆(𝑋)�

𝜎�𝐻𝑆(𝑋)�
 

Eq. (1-7) 
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To compute handset normalisation parameters, log-likelihood ratio scores are 
computed for each speaker model using handset-dependent impostor test 
segments. From these results, and assuming they have a Gaussian distribution, 
mean and standard deviation for each handset type are computed. 

• Test Normalisation: Also known as TNorm, proposed by [Auckenthaler,2000], 
it can be considered as a mix-up between ZNorm and cohort normalisation, as it 
uses mean and standard deviation as normalisation parameters, and during the 
test a set of impostors is used to estimate log-likelihood for test input utterance. 
So a mean and variance is computed for these impostor scores and the 
normalised score is computed like in previous normalisation techniques. This 
type of normalisation is also used in [Barras,2003] and [Hebert,2005]. 

• ZT Normalisation: Also known as ZTNorm, it cannot be considered as a new 
normalisation technique, but it is appropriate to cite it, as it is widely used in 
speaker recognition systems. Actually ZTNorm is the combination of ZNorm 
and TNorm. 

• Symmetric Normalisation: Also known as SNorm has been proposed in 
[Shum,2010] and applied to the cosine similarity decision (CSD) metric. In this 
case, the normalisation parameters are applied to both the speaker model and the 
test utterance as follows. First of all a set, Iimp, of impostor utterances and 
impostor models must be defined. Then for each speaker model λi/i=1...n, and 
for each test utterance Xj/j=1...k, the SNorm parameters can be defined as the 
mean and standard deviation of the scores between the given utterance or 
speaker model (i.e. Xj or λi) and all the elements of Iimp, obtaining for each 
model, λi, and test utterance, Xj, the following values: SNorm(λi)=(µλi,σλi) and 
SNorm(Xj)=(µXj,σXj).  Finally for a specific trial, the score can be computed as 
follows: 

𝑠𝑐𝑜𝑟𝑒𝑆𝑁𝑜𝑟𝑚�𝜆𝑖 ,𝑋𝑗�

=
𝑠𝑐𝑜𝑟𝑒𝐶𝑆𝐷�𝜆𝑖,𝑋𝑗� − 𝜇𝜆𝑖

𝜎𝜆𝑖
+
𝑠𝑐𝑜𝑟𝑒𝐶𝑆𝐷�𝜆𝑖 ,𝑋𝑗� − 𝜇𝑋𝑗

𝜎𝑋𝑗
 

Eq. (1-8) 

• Distance Normalisation: Originally proposed by [Ben,2002], distance 
normalisation, also kwon as DNorm, is based on the use of the Kullback-Leibler 
(KL) distance between the speaker model and the world model. The normalised 
score is given by: 

𝑠𝑐𝑜𝑟𝑒𝐷𝑁𝑜𝑟𝑚 =
𝑙𝑜𝑔�𝑃(𝑋|𝜆𝑡𝑎𝑟)�
𝐾𝐿2(𝜆𝑡𝑎𝑟) +

𝑠𝑐𝑜𝑟𝑒𝐶𝑆𝐷�𝜆𝑖 ,𝑋𝑗� − 𝜇𝑋𝑗
𝜎𝑋𝑗

 
Eq. (1-9) 

This means that the score for a speaker X, with claimed identity λtar, is 
normalised with the symmetrised KL distance corresponding to the speaker λtar. 
A Monte-Carlo method is used to estimate GMM synthetic data that client and 
world models follow, which are used to compute the KL distance of the client 
and world model. According to [Ben,2002], DNorm performs comparably to 
ZNorm. 

1.5.4 Experimental recognition results  

Table 1-5, presents recognition results achieved in some representative works on 
Speaker recognition. For each system, the database used on the experiments, the amount 
of information used for training each speaker model, the type of speech used (Telephone 
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channel/microphone channel), normalisation methods, features and classifiers 
employed, and best EERs obtained are presented. The EER quality measure is not 
directly comparable since experiments are conducted under very different scenarios: 
different databases, different number of train and test speakers and different amounts of 
training information per speaker. In order to compare two different systems, both should 
be tested under the same conditions, which is not the case in the following Table. 
Therefore, this table simply allows us to verify which are the different parameters and 
classifiers mostly used as under different scenarios. 
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Reference Database 
Information 

/speaker 
(train) 

Channel 
Type Normalisation Features Classifier EER 

[A
da

m
i,2

00
3]

 

NIST SRE 
2001  
(Switch board 
-I) 

2/4/8/16/32 
minutes 

Telephone  Cohort  3-systems: 
• Log F0, log-Energy, first 

order derivatives of them 
• Sign of the F0 and energy 

slopes. Duration of segment. 
Phone information 

• F0 contours + DTW (on 
selected words) 

GMM/UBM 
DTW  
Single-layer 
perceptron fusion.  

3.7% 

[A
ng

,1
9

97
] 

TIMIT 8 sentences  Microphone   LPC-based Cepstral coefficients VQ  
Phoneme-based 
HMM 

4.5% 

[A
uc

ke
n

th
al

er
,2

00
0]

 NIST SRE-
1998 
(SwitchBoard-
II phase 2) 

2 minutes  Telephone  Cohort  
ZNorm 
TNorm 
HTNorm 

12 Cespstral +Energy + ∆ + ∆∆ GMM ≈3.5% 

[B
ar

ra
s,

20
03

] NIST SRE-
1998  
(SwitchBoard-
II phase 4) 

2 minutes Telephone CMS 
Variance norm. 
Feature warping 
TNorm 

15 MEL-PLP cepstrum + ∆ + 
∆Energy 

GMM 8.5% 

[X
ia

ng
,2

00
3]

 NIST SRE 
1999  
(Switchboard-
II phase 3) 

2 minutes Telephone  Feature warping  
SUBM(structural 
UBM) 

19 MFCCs + ∆. SGMM(structural 
GMM)  
MLP 

12.1% 
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Reference Database 
Information 

/speaker 
(train) 

Channel 
Type Normalisation Features Classifier EER 

[B
oa

ky
e,

20
04

] NIST SRE 
2001  
(Switchboard-
I) 

2/4/8/16/32 
minutes 

Telephone  CMS /UBM 19 MFCCs + C0 + ∆ Word-based 
HMM 

1.25% 

[B
ur

ge
t,2

00
7]

 NIST SRE 
2006 

5 minutes Telephone  Feature Warping 
CMS 
HDLA 
Eigenchannel 
Adaptation 
UBM  
TNorm 

13 MFCC + C0 + ∆ + ∆∆ + ∆∆∆. GMM 4.7% 

[C
am

pb
el

l,
20

07
] 

NIST SRE 
2005  
(Mixer)  

40 minutes Telephone RASTA 
CMS 

3 systems: 
• 19 MFCC + ∆ (SVM) 
• Word sequences (SVM) 
• Phone sequences (SVM) 

SVM  
Fusion based on 
linear equal 
weighting of 
scores. 

3.43% 

[C
am

pb
el

l,2
00

2-
B]

 

Yoho 
database 

288 two-
digit 
numbers (6 
minutes) 

Microphone UBM 12 LPCC + ∆ Polynomial 
classifier 

0.07% 

[C
am

pb
el

l,2
00

4-
B]

 

NIST SRE 
2003  
(Cellular 
switchboard) 

2 minutes Telephone  TNorm 
UBM 

18 LPCC + ∆ (SVM) 
19 MFCC + ∆ (GMM) 

SVM 
GMM 

5.73% 
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Reference Database 
Information 

/speaker 
(train) 

Channel 
Type Normalisation Features Classifier EER 

[C
am

pb
el

l,2
00

3-
A

] 

Switchboard-I  2/4/8/16/32 
minutes 

Telephone UBM 5-systems: 
• Cepstral features 

(GMM/UBM). 
• Pitch and energy slopes, 

dynamics and phoneme 
context 

• Prosodic statistics 
• Phone binary trees 
• Word n-gram idiolect 

Single layer 
perceptron fusion 

0.22% 

[E
l 

H
an

na
ni

,2
00

7]
 NIST SRE 

2006  
(English 
trials) 

40 minutes  Telephone UBM 3 systems: 
• 16 LFCC + ∆ + ∆Energy 

(GMM) 
• 15 MFCC + energy + ∆ 

(ALISP symbols – 3-grams 
HMM) 

• Symbol duration (GMM) 

GMM  
HMM 
SVM fusion 

5% 

[F
ar

rú
s,2

00
7]

 Switchboard-I  40 minutes Telephone UBM 
Cohort 
ZNorm 

2 systems: 
• Prosody (word and segmental 

duration, fundamental 
frequency, jitter and 
shimmer) 

• Spectrum (20 FF + ∆ + 
acceleration) 

GMM 
k-nearest 
neighbour 
weighed fusion. 

6.8% 
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Reference Database 
Information 

/speaker 
(train) 

Channel 
Type Normalisation Features Classifier EER 

[H
ou

,2
0

03
] 

NIST SRE 
2003 

30 seconds Telephone UBM 12 MFCC + ∆ + ∆Energy SVM with GMM 
adjustment 

6.1% 

[G
óm

ez
,

20
08

] ALBAYZIN 30 seconds Microphone  14 MFCC (raw voice) + 14 MFCC 
(Vocal tract) + 8 MFCC (Glottal 
Source) + pitch + energy 

GMM 0.35% 

[G
on

za
le

z-
R

od
ri

gu
ez

,2
00

7]
 NIST SRE 

2005 
40 minutes Telephone Cohort 

KL-TNorm 
3 systems:  

• MFCC (GMM + SVM) 
• phone tokens (HMM) 
• prosodic tokens (HMM) 

GMM 
SVM 
HMM 
SVM fusion 

7.13% 

[I
ly

as
,2

0
07

] 

Malay Spoken 
digit database 

0 to 9 digits Microphone  14 LPCC VQ + HMM 11.72% 

[K
im

,2
0

04
-B

] Yoho 
database 

1,5 minutes Microphone  12 PSMFCC (pitch synchronous 
MFCC) 

GMM 2.83% 

[K
oh

le
r,

20
01

] NIST SRE 
2001 
(Switchboard-
I) 

20 minutes Telephone UBM (12 Cepstral + ∆) Phone n-grams HMM / LLR 7.2% 
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Reference Database 
Information 

/speaker 
(train) 

Channel 
Type Normalisation Features Classifier EER 

[K
on

ig
,1

99
8]

 NIST SRE 
1997 
(SwitchBoard-
II phase 1) 

2 minutes Telephone  2 systems: 
• NLDA features  
• 18 Cepstral + pitch 

MLP  7.1% 

[L
iu

,2
00

6-
A

] 

NIST SRE 
2004 

2 minutes Telephone UBM  16 MFCC + ∆ GMM 
SVM 

11.92% 

[S
to

lc
ke

,2
00

7-
B]

 

NIST SRE 
2006 
(English 
trials) 

5 minutes Telephone Feature-level 
intersession 
variability with 
nuisance attribute 
projection 
Factor analysis 
TNorm 
UBM  

8 systems: 
• Cepstral (GMM) 
• Cesptral (SVM) 
• Gaussian supervector (SVM) 
• N-gram frequencies that 

record duration of frequent 
words (SVM) 

• SNERFS + GNERFS (SVM) 
→ prosodic features over 
syllables and words. 

• Word duration (GMM) 
• Phone duration (GMM) 
• MLLR (SVM) 

GMM  
SVM 

2.59% 

Table 1-5 Different recognition results in speaker recognition 
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1.6 SPEAKER RECOGNITION COMMERCIAL APPLICATIONS 
Commercial applications based on speaker recognition goes beyond its incorporation in 
electronic games, as previously cited. There are several companies that offer voice 
biometry solutions for identification purposes. Table 1-6 provides a list of different 
commercial applications with a brief description of their capabilities or applications. 
Obviously, none of these commercial applications provide information related to the 
technology used in their systems. They just provide software development kits, API’s, 
etc., i.e., they provide black box solutions for speaker recognition.  

Company Website Product Brief description 

N
U

A
N

C
E

 

http://ww
w.nuance.
com/verif
ier/  

Nuance Verifier 4.0 Nuance Verifier provides secure 
access to sensitive information 
over the telephone. The system is 
language independent and 
performs an ongoing adaptation of 
voiceprint characteristics as 
voices change or age, improving 
the quality of voiceprints for 
faster verification. Nuance 
Verifier 4.0 provides enrolment 
and verification using rotating 
questions, or even verifies callers 
in the background while the 
callers are completing other tasks.  

Sp
ee

ch
 S

en
tin

el
 

Lt
d.

 

http://ww
w.securiv
ox.co.uk/  

SecuriVox Reading between the lines, due to 
the lack of much information, we 
can infer that this system can 
work in text-independent mode, 
for internet, telephony or 
electronic device based 
verification applications. 

M
EK

 
So

ft
. 

Te
ch

no
l

og
ie

s 

http://ww
w.meksof
ttech.com
/ 

SecurPBX Provides a text-dependent 
verification system to secure the 
access to organisation’s PBX via 
telephone. 

IB
M

 

http://ww
w-
01.ibm.co
m/softwar
e/pervasiv
e/voice_s
erver/fpsi
v/ 

WebSphere According to the manufacturer, 
WebSphere provides a speaker 
verification technology which is 
grammar, language, and text 
independent, i.e., you can enrol 
saying anything, in any language, 
and have it verify you, saying 
anything, in any language. 
Additionally, the system provides 
Speaker Tracking, and Speaker 
Change Detection mechanism. 
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Company Website Product Brief description 
A

G
N

IT
IO

 
http://ww
w.agnitio.
es/ 

• KIVOX The application developed by 
Agnitio, is channel-independent 
and language-independent, 
providing both text-dependent and 
text-independent solutions. 
Additionally it provides automatic 
conversation indexing per 
speaker. 

A
U

TH
EN

T
IF

Y
 

http://ww
w.authent
ify.com/  

• Authentify Solutions The Authentify solution employs 
a model of voiceprint comparison 
known as text independent 
directed speech. In this model, 
verification is performed against a 
phrase that is randomly generated. 

ZE
H

U
 T

ec
hn

ol
og

ie
s 

http://ww
w.zehu.co
m/  

• Zehu authenticator Zehu's products are designed as 
software development kits (SDKs) 
that provide a package of APIs, 
libraries and tools to OEM 
applications. Zehu’s application 
includes mechanisms to adapt to 
the changes in the user voice over 
time and is secure against 
playback attacks. It also provides 
both text-dependent and text-
independent speaker verification. 

D
IA

PH
O

N
IC

S 

http://ww
w.diapho
nics.com/  

• Spike Server Spike Server is an integrated 
hardware and software platform 
that verifies the identity of callers 
with biometric voice verification. 
In addition to verifying identity, 
Spike Server also records voice 
transactions, and creates a secure 
audit trail of all interactions with 
the system 

PO
R

TI
C

U
S 

http://ww
w.porticu
sinc.com/  

• Porticus Versona Versona delivers speaker 
authentication solutions for 
enterprise systems, wireless 
carriers, IVR systems/call centres 
and device manufacturers. 
Versona relies on the 
physiological aspects of the 
human vocal tract, and as a result, 
is less susceptible to background 
noise interference, recorded 
playback and intra-speaker 
variability. 
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Company Website Product Brief description 
V

oi
ce

V
er

ifi
ed

 
http://ww
w.voiceve
rified.com
/  

• Voice Authentication 
Suite 2.0  

• Vocal Reset 2.0 
• Vocal PIN 2.0 
• Vocal Time Tracker 

2.0 

VoiceVerified offers 4 different 
products that can be used with 
four different voice biometric 
engines: Static Passphrase (An 
engine that allows users to enrol 
by repeating simple phrases or 
numeric strings → text-
dependent), Random Fusion (An 
engine that allows users to enrol 
using random numeric strings → 
text-dependent ), Mixed Case – 
(A combination of the static and 
random engine), Natural Speech 
(An engine that allows users to 
speak naturally in order to enrol 
or verify → text-independent)  

A
N

O
V

EA
 

http://ww
w.anovea.
com/ 

• ANOVEA 
Authentication 
Technology 

The Anovea Speaker 
Authentication System provides 
high noise immunity, minimal 
bandwidth requirements, and 
high-channel invariance. 
Additionally it can automatically 
adapt to the natural variability of 
each speaker’s voice. Both 
enrolment and verification steps 
are text-dependent.  

Pe
rS

ay
 

http://ww
w.persay.
com/  

• VocalPassword 
• FreeSpeech  
• S.P.I.D 

PerSay provides language- and 
accent-independent speaker 
verification solutions through 3 
different products: 
VocalPassword™ 6.5 (A 
biometric speaker verification 
system that verifies a speaker 
during an interaction with a voice 
application. It supports text-
dependent, text-independent and 
text-prompted technology), 
FreeSpeech™ 6.5 (A unique text-
independent biometric speaker 
verification system that 
transparently verifies the identity 
of a speaker during the course of a 
natural conversation) and 
S.P.I.D™ 6.5 – (An advanced 
voice mining and speaker 
identification system for law 
enforcement and intelligence 
agencies). 
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Company Website Product Brief description 
V

oi
ce

va
ul

t 
http://ww
w.voiceva
ult.com/  

• Password Reset 
• Caller Authentication 
• Payment Verification 
• Voice Sign 
• Web authentication 
• Voice Track 

VoiceVault uses spoken words to 
calculate measurements of the 
speaker's vocal tract, and used 
them to verify a person's identity. 
The company provides different 
products which include both text-
dependent (i.e. Caller 
Authentication) and text-
independent (i.e. Voice Track) 
solutions. 

M
IS

TR
A

L
 http://mist

ral.univ-
avignon.fr
/  

ALIZE Library/Mistral  Open Source toolkit which 
provides an efficient and modular 
platform capable of managing 
different biometrics. Including 
Speaker ID modelling. 
  

Table 1-6 Industry vendors for Speaker Recognition Systems 
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2 SPEECH PRODUCTION AND BIOMETRIC CHARACTERISATION 
OF VOICE 

From the usage point of view, speech can be regarded as the vocalised form of human 
communication. From the biological point of view, like in any other important motor 
activity, speech communication requires the interaction of neurophysiologic systems, 
the motor system and the sensory system. A simplified description of speech 
communication can be as follows: 

“A speaker uses his/her brain to conceptualise the idea that he/she wants to 
communicate to a listener. Following this process, the brain translates these 
concepts into neurological processes and motor nerve commands to produce an 
acoustic sound pressure wave. This acoustic sound pressure wave, also called 
speech signal, results from the appropriate action combination of different 
muscles of the vocal organs. After its propagation through a transmission 
channel, the speech signal is perceived by the listener’s auditory system. At this 
point, the auditory system translates the speech signal into nerve impulses that 
are transmitted to the listener’s brain through the auditory nerve system. Finally 
the brain is supposed to satisfactorily reconstruct and hopefully understand the 
original idea.” 

 
Figure 2-1 A simplified diagram of speech communication (without taking into account 
brain interaction). V: Velum. G: Tongue. L: Lips, P: Hard Palate. A: Alveolus. N: Nasal 
Cavity. T: Teeth 

Figure 2-1, provides a graphical representation of the above description. As far as 
speech production exists due to our ability to hear, or the other way around, this 
intrinsic connection between speech production and hearing is referred to as the speech 
chain by some authors [Denes,2012].  
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Although speech chain research encompasses a broad set of topics, in this chapter we 
will only focus on the motor system of speech production. Section 2.1, reviews the 
biological process of speech production at motor system level. Section 2.2 introduces 
the acoustic theory of speech production. Section 2.3 will describe the algorithm 
developed to separate glottal source and vocal tract components from speech signal, and 
finally section 2.4 will define the new biometric speaker characterisation from voice. 

2.1 SPEECH PRODUCTION 
As we have already highlighted, the motor system plays an important role in speech 
production, particularly, the speech tract which can be roughly divided in three different 
areas (infraglottic, glottal and supraglottic) depending on the location or functionality of 
the different organs and muscles. A full description of the motor system is beyond the 
scope of the present document. However, the interested reader can find a complete 
description for example in [Raphael,2006]. 

• Infraglottic cavities: Under this concept we refer to all the organs that are related 
somehow with the respiratory activity in the lower respiratory system: lungs, 
bronchi and trachea. When we speak, the lungs are responsible for providing the 
air flow needed to generate a sound, thanks to the contraction of the diaphragm.  

• Glottal cavity: Again under this concept we refer to a set of muscles and 
cartilages that conform what is also known as the voice box or larynx. During 
expiration the air flow coming from the lungs passes by the vocal folds. The 
vocal folds, which are involved in the opening and closing of the glottis and in 
the production of sound, are a pair of muscles, epithelium, mucosal and 
connective tissues that stretch from the back of the larynx to the front (see 
Figure 2-1). At rest, in respiratory mode, the vocal folds remain separated 
(creating a V-shaped glottal space) to allow the air flow to pass directly from the 
lungs into the vocal apparatus, and the other way around (see Figure 2-2- right). 

 
Figure 2-2 Vocal Folds: Endoscopic view of vocal folds at inspiration (left-hand 
side) and in pre-phonation position (right-hand side) 

In tense mode (or phonation mode), the two folds remain closed retaining the 
airflow from the lungs (see Figure 2-2- right). This situation causes subglottal 
pressure increase. When pressure exceeds the elastic force of the vocal folds, the 
air pressure pushes them apart creating an opening known as the glottis and 
allowing a small air flow to pass. As the air flow passes through the glottis the 
subglottal pressure decreases again leading to the closure of the glottis under the 
restoring forces of the muscles. These small and periodic releases of air flow are 
kwon as glottal pulses. The repetition of this process – opening and closure of 
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the vocal folds - leads to a periodic vibration of the vocal folds which produce 
sound waves that are transmitted to the supraglottic cavities. 
The rate of the vocal fold vibration (phonation) is called the fundamental 
frequency, also known as F0 or pitch. Although different classifications of 
phonation can be performed, for the sake of simplicity and utility we are going 
to distinguish between two broad classes: voiced and unvoiced speech. Voiced 
speech has been already described as the one that is produced thanks to the vocal 
fold vibrations. In the case of unvoiced speech, there is no vibration, as vocal 
folds are open and air flow passes through the glottis without any constriction 
resulting in a turbulent noise-like behaviour. Instead, sound may be produced by 
the constrictions in the supraglottic cavities.  

Moreover, for voiced speech, we can also establish and additional classification, 
distinguishing between vocalic and consonant sounds. In the production of 
vocalic sounds, vocal folds come together tightly, therefore vocal fold vibrations 
are stronger and frequency is high. Glottal aperture, under this constraint, is 
minimal and so is the air flow. In the case of voiced consonant sounds, vocal 
folds are less tightened, the glottis aperture is wider, and the air flow from 
infraglottic cavities to supraglottic cavities is larger. 

• Supraglottic cavities: Under this concept we group the set of cavities, 
membranes and muscles that are situated above the glottal cavity. The 
supraglottic cavities are made up mainly by the pharynx cavity, until we reach 
the tongue and the uvula, at which point it is divided into the nasal cavity and 
the oral cavity (see Figure 2-1- left). While the vocal folds, roughly speaking, 
classify speech into voiced or unvoiced, supraglottic cavities modulate the sound 
wave to produce different categories of sounds/phonetic classes. In other words, 
these supraglottic cavities influence the manner of articulation. 

The different categories of speech in which voiced and unvoiced sounds are 
classified depend on the manner and places/points of articulation. These points 
of articulation correspond with the points of narrowest vocal tract constriction, 
i.e., the occlusions and narrowing on the vocal tract due to the action of mobile 
(velum, lower row teeth, lips, tongue, etc.) and fixed (pharynx wall, hard palate, 
upper row teeth, alveolar arch) organs/muscles. The manner of articulation is 
related with the airflow path, i.e., whether it flows through the nostrils (nasal 
sound) or through the lips (oral sound). 

The characterisation of the vibration is heavily dependent on the mass and tension of the 
vocal folds, so a deeper review on the vocal fold characteristics and its behaviour is 
needed. 
In voiced speech production, i.e. when vocal fold vibration exists, the joint effects of the 
subglottal and supraglottal air pressure difference, the laryngeal muscle tension and the 
elasticity of the vocal folds, causes an opening and closure of the vocal folds which 
produces a glottal flow. The glottal flow can be defined as the sound pressure pattern 
that is produced in the supraglottic cavities immediately after the vocal folds, which is 
related to the Liljencrants-Fant (L-F) excitation, in its ideal form [Fant,1985].  
The physiological structure of vocal fold involved in the opening and closure of the 
glottis can be seen in Figure 2-4 (a), in which the massive part of the fold, composed 
mainly of muscles is referred to as “the body”, while the epithelial (lamina propria) and 
tissular envelope is referred to as “ the cover”. Thus the resultant vibration of the vocal 
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folds is composed of the coupled oscillations of the body and the cover. However, from 
a detailed analysis of video-endoscopic images it can be concluded that in modal 
phonation less than the third part of the vocal fold vibrates at full elongation in its 
transversal extension (i.e. following the dot-line direction in Figure 2-2- right) and only 
in its ventral area of its longitudinal extension. If we assume that the longitudinal 
extension size is 1.5 cm (average female case) and that the transversal extension size is 
0.3 cm (Figure 2-3) then the static mass will be of about 0.106g. Given the above 
vibratory conditions, the involved dynamic mass will be of 0,011g. 

 
Figure 2-3 Equivalent dynamic mass of the vocal fold. The section that mainly 
contributes to the vibration of the fold corresponds to the wedge on the right, 
corresponding to an inertial mass of approximately 11mg. The left-hand side section 
which corresponds mainly to the body of the fold, exhibits an elastic rather than inertial 
profile 

 
Figure 2-4 Cross section of the left vocal fold: (a) body-cover structure, following the 
blue dash-line of the endoscopic view in Figure 2-2 right, (b) k-mass (body mass + k-1 
cover masses) equivalent mechanical model. 

The core of the body is slightly involved in the vibration, thus showing an elastic 
behaviour instead of providing dynamic mass. However most of the cover is heavily 
involved in the vibration, thus contributing to the vibration with a dynamic mass 
comparable to that provided by the body of the fold. This situation is depicted in Figure 

0.3 cm 

1.5 cm 

Maximal ventral elongation 

This section contributes to fold’s dynamic mass 

This section contributes to fold’s elasticity 

Total fold’s volume: 

1.5x0.3x0.3xπ/4=0.106cm3 

External wedge volume: 

0.011cm3 
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2-4. Under this assumption, most of the structure of the vocal fold behaves like a spring, 
and the estimates of dynamic mass are considerably lower than the inertial mass. 
Based on the body-cover model, Figure 2-4 (b) depicts the equivalent mechanical model 
of the vocal fold, as a set of lumped masses joined by elastic springs which represent the 
properties of the different tissue layers involved in the vocal fold vibration. Each mass 
will be linked to the body mass and to two neighbour ones, except the end masses. In 
general, the largest masses would be associated with the supraglottal and subglottal lips 
controlling the glottal closure. 
Going back to video-endoscopic images we can distinguish three different phases in 
vocal fold vibration: a closing phase in which vocal folds start to get closer (adduction), 
a closed phase in which vocal folds block air flow, and an opening phase in which they 
start to move away (abduction). However, a deeper analysis of this vibration pattern 
reveals that the supraglottal and the subglottal lips do neither move nor close in phase, 
thus showing a phase lag between supraglottal and subglottal lips. This vibratory 
pattern, known as the “mucosal wave”, as well as a complete phonation cycle sequence 
from glottal closure to glottal closure are depicted in Figure 2-5.  
Due to the physiological characteristics of the vocal folds, we can characterise the vocal 
fold movement as a rhythmic approach-separation movement of the body plus an 
independent movement, thought subject to certain bond of the cover. This second 
movement is more complex as the different cover parts, and especially the subglottal 
and supraglottal lips move independently but also subject to certain bonds, as depicted 
in Figure 2-4 (b). The dynamic differential expression of the vibration pattern of the 
vocal folds is known as mucosal wave, as already mentioned. The mucosal wave is in 
essence a kind of a travelling wave propagating along the cover, and inducing nonlinear 
effects when both folds are close enough due to fold collision.  

Assuming that the vocal folds were formed only by the body component, then the 
dynamic movement of the vocal folds could be approximated by a sinusoid as depicted 
in Figure 2-6. If we also assume the non-existence of the vocal tract, the glottal source 
would be a semi-sinusoidal pressure wave, which will reach a null value at the closing 
instant and an overpressure at the middle of the open phase. The inertial nature of the air 
column in the vocal tract would introduce a depression at the closing instants (known as 
the MFDR: maximum flow declination rate) and the glottal flow would present some 
phase shift with respect to the opening interval. Finally, if we assume movement 
independence in the cover components, then the glottal source pattern will follow the 
classical L-F model, whose ideal form is depicted in Figure 2-7.  

Using this model (L-F excitation model), we can define the cover dynamic component, 
also known as mucosal wave correlate, as the observable glottal source component 
which is produced by a differentiated dynamic pattern of the different cover fold 
sections, especially the supraglottal and subglottal lips, during the glottal cycle 
[Story,1995], [Story,2002], [Titze,1988].  
Although the k-mass equivalent mechanical model (see Figure 2-4) can be used to 
explain the effect of the mucosal wave ([Berry,2002], [Story,2002]), the least complex 
model which incorporates both cover and body dynamics of the vocal folds is the 3-
mass model, also known as the Story-Titze model, described in [Story,1995] and 
depicted in Figure 2-8. For the interested reader a brief review of other models is also 
presented in [Story,1995], [Story,2002] 
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Figure 2-5 Phonation cycle sequence from glottal closure to glottal closure (1-10), 
describing the Mucosal Wave. 1: Both subglottal and supraglottal lips are in contact, 
thus the glottal tract is closed. 2-3: Subglottal lips start to move away from each other, 
while supraglottal lips keep in contact, thus the glottal tract is still closed. 4-6: 
Subglottal lips get closer while supraglottal lips move away from each other, thus the 
glottal tract is opened from 4. 7-10: Subglottal lips are in contact, and supraglottal lips 
follow this closing tendency with certain phase lag. The glottis is closed from (7-10). As 
it can be seen, the mucosal wave dynamics also requires that a slight movement of 
subglottal and supraglottal lips in the vertical axis must be taken into account. 
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Figure 2-6 Simplest vibration mode of the vocal folds. Top: Solid line represents the 
position of the right body mass, while dash line represents the position of the left body 
mass. Bottom: Right cord mass velocity. The vibration cycle can be divided in four 
stages: (1) the body masses start to move apart. (2) Maximum separation is reached, the 
relative velocity becomes null, and the fold tension inverts the movement (the velocity 
becomes the opposite – negative in the right cord and positive in the left cord). (3) Both 
masses come in close contact during a small fraction of time to move away again and 
start a new cycle (4). 

 
Figure 2-7 Glottal source ideal model. a) Glottal source, in which we can highlight the 
following instants: t=0 → closure instant in which the minimum relative pressure is 
reached (allegedly p=0) ; t=Tr → recovery from the minimum pressure achieved at 
closure time to the moment it reaches static or equilibrium atmospheric pressure (p=1, r-
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point); t=To → opening starting point, when vocal folds start to move apart from each 
other (o-point); t=Tcl → closure starting point, when vocal folds start its closing 
approximation (c-point). t=Tc → closure instant, when pressure reaches the minimum 
normalised pressure (MFDR), starting a new phonation cycle. b) Average acoustic 
wave, according to [Titze,1994-B], corresponding to the resulting flow wave produced 
by the opening and closure of the vocal folds, characterised as two masses attached by 
springs to the walls of the larynx, and with no vocal tract present. c) Cover Dynamic 
Component (CDC), or mucosal wave correlate, which results from removing the 
average acoustic wave from the glottal source. Its minimum value at o-o' is used to 
establish To. d) Normalised CDC derivative. Its minimum values at r' and c' are used to 
establish Tr and Tcl. 

2.1.1 3-mass model of the vocal folds (body-cover structure) 

The mucosal wave behaviour has been explained as a travelling wave [Berry,2001-B] 
propagating along the cover, having its most observable evidence in the phase lag 
between supraglottal and subglottal lips. In order to estimate the biomechanical 
parameters of the vocal folds, it is necessary to define a framework in which a relation 
between these parameters and the observable parameters (average acoustic wave and 
mucosal wave correlate - obtained from the speech signal) can be established. 

As we have already said, the least complex model which incorporates the dynamics of 
both cover (whose correlate is the mucosal wave) and body (whose correlate is the 
average acoustic wave) is the 3-mass model (see Figure 2-8). From this model and 
following a divide and conquer approach, both correlates will be associated with a 1-
mass model (for the body biomechanical parameter estimation) and a 2-mass model (for 
the cover biomechanical parameter estimation, see Figure 2-9) 

 
Figure 2-8 Simplified version of the well-known Story-Titze model, which is agreed to 
give a more accurate explanation of the mucosal wave phenomenon than Ishizaka-
Flanagan’s 2-mass model ([Ishizaka,1972]). Schematic structure of one section of the 
body-cover modelled as a 3-mass system. The vocal fold body is represented by a bulky 
mass Mbl,r (left and right respectively) which is concentrated in the vocal fold body’s 
centre of mass. The vocal fold cover is represented by a pair of lumped masses Mil,r and 
Mjl,r, linked together and to the body by elastic springs. Cover masses, Mil,r and Mjl,r, 
allow to represent the independent movement of subglottal and supraglottal lips of the 
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cover. Under the adequate assumptions, this model may be reduced to the 2-mass 
equivalent model of the cover dynamics referenced to the body masses. 

 
Figure 2-9 2-mass and 3 spring by vocal fold model. Schematic structure of one-section 
of the right (r) and left (l) vocal folds. Supraglottal and subglottal lips refer to the 
segment of the larynx that is closer to the lips and to the lungs respectively. The left 
supraglottal lip is represented by a mass, Mcl, tied to larynx walls by the spring Kcl, 
whereas the subglottal lip is represented by another mass Mbl tied to larynx walls by a 
spring, Kbl. Both masses are tied to each other by another inter-spring Kbcl. The right 
vocal fold structure is completely analogous to the left one. fc and fb forces influence 
symmetrically on both vocal folds, resulting in a mass movement against the springs, so 
that the dynamic variables of each mass correspond to the linear velocity in the x-axis 
(vbl, vcl, vcr, vbr). 

In the attempt to develop a biomechanical model of the vocal folds that simulate their 
dynamics, Flanagan’s 2-mass model [Ishizaka,1972] was capable of reproducing many 
features of phonation and has been successfully used for speech synthesis. Since its 
introduction, different refinements have been applied adding complexity through the use 
of finite methods [Alipour,2000], [Berry,2002], [Titze,1973], [Titze,1974]. All these 
methods have been successfully applied to voice production, speech processing, clinical 
studies, etc. Moreover, as we have already said and presented, the k-mass model also 
can be used to describe mucosal wave effects [Story,2002], [Berry,2002]. However, for 
the sake of simplicity only the 3-mass, 2-mass and 1-mass models will be presented in 
the present study. 

In Figure 2-8 the vocal fold body is represented by a bulky mass Mbl,r (left and right 
respectively) which is concentrated in the vocal fold body’s mass centre. The vocal fold 
cover is represented by a pair of lumped masses Mil,r and Mjl,r, linked together (Kijl,r), to 
the body (Kil,r and Kjl,r), and to the reference (Kbl,r) by elastic springs. Cover masses, 
Mil,r and Mjl,r, allow to represent the independent movement of subglottal and 
supraglottal lips of the cover. The influence of viscous and inelastic losses are taken into 
account in the model by parameters (Rbl,r, Rjl,r, Ril,r, Rijl,r). However, in order to reduce 
the complexity of this model, some assumptions have been done: 

• Each vocal fold (of complex 3-dimensional structure) is represented by the 
vibration of the specific masses only in the x-axis direction. 
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• Each specific model mass represents the dynamic interaction between forces and 
acceleration that only affect a fraction of equivalent 3D structure (as depicted in 
Figure 2-3). 

• As the result of the action of the forces in the x-axis, the masses move only in 
the direction of this axis. 

• Biomechanical parameters are time-invariant in contrast with the studied 
interval.  

Under these assumptions, the resulting model (Figure 2-8) is the well-known Story-
Titze model, described in [Titze,1974]. This model is the less complex model which 
incorporates a good description of the cover and body dynamics, representing the 
mucosal wave while retaining the simplicity of a low order model. 
Cover masses, Mil,r and Mjl,r, allow to represent the independent movement of subglottal 
and supraglottal lips of the cover. The dynamic variables, represented by fxi,j are the 
forces acting on each cover masses as the result of the pressure difference between both 
regions, and the associated velocities to the specific masses: vbl.r, vil,r and vjl,r. The fact 
of maintaining a difference between right and left folds relies on the possibility of 
finding left/right vocal fold differences even in normophonic speakers. 
The behaviour of the vocal fold can be characterised by the estimate resulting from 
removing the effect of the vocal tract [Alku,1992] on the speech wave that is also 
known as glottal residual correlate. The first and second integrals of this correlate 
represent the glottal source and the glottal flow, as reported in [Gómez,2005], 
[Gómez,2004]. The influence of the cover and body dynamics on the glottal source is 
reflected in the average acoustic wave and in the mucosal wave correlate respectively. 
Following a divide and conquer approach, the mucosal wave dynamics can be 
characterised by the movement of the two cover masses (Mjl,r, Mil,r) with respect to the 
associated body mass (Mbl,r). 

2.1.2 2-mass model of the cover structure of the vocal folds 

As we are able to distinguish between the body and the cover dynamics, we can use the 
Ishizaka-Flanagan’s 2-mass model [Ishizaka,1972] to characterise the later one. Thus, 
the dynamics of this system can be characterised by the following four integro-
differential equations: 

𝑓𝑖𝑙,𝑟 = 𝑀𝑖𝑙,𝑟
𝜕𝑣𝑖𝑙,𝑟
𝜕𝑡 + 𝑅𝑖𝑙,𝑟𝑣𝑖𝑙,𝑟 + 𝐾𝑖𝑙,𝑟 � 𝑣𝑖𝑙,𝑟𝑑𝜁

𝑡

−∞

+ 𝐾𝑖𝑗𝑙 ,𝑟 � �𝑣𝑖𝑙,𝑟 − 𝑣𝑗𝑙,𝑟�𝑑𝜁
𝑡

−∞
 

𝑓𝑗𝑙 ,𝑟 = 𝑀𝑗𝑙,𝑟
𝜕𝑣𝑗𝑙,𝑟
𝜕𝑡 + 𝑅𝑗𝑙,𝑟𝑣𝑗𝑙,𝑟 + 𝐾𝑗𝑙,𝑟 � 𝑣𝑗𝑙,𝑟𝑑𝜁

𝑡

−∞

+ 𝐾𝑖𝑗𝑙 ,𝑟 � �𝑣𝑗𝑙,𝑟 − 𝑣𝑖𝑙,𝑟�𝑑𝜁
𝑡

−∞
 

Eq. (2-1) 

 

If we associate forces with electric potentials and velocities with currents, then the 
equivalent electromechanical model will be the one depicted in Figure 2-10. 
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Figure 2-10 Equivalent electromechanical model of the 2-mass and 3-spring model of 
the vocal folds depicted in Figure 2-9. Additionally to the mass and elasticity springs 
represented by Mil,r, Mjl,r, Kil,r, Kjl,r, two resistor elements (Ril,r, Rjl,r) have been added 
which represent the elastic and viscous losses in the behaviour of the system. 

The validity of the differential analysis which results from the independent 
characterisation of the body and cover dynamics, can be checked by the relation that can 
be established between the PSD profile of the mucosal wave correlate and the 2-mass 
model transfer function of the cover as it is described in [Gómez,2005], [Gómez,2004]. 

 
Figure 2-11 Power spectral density (PSD) of male voice segment synchronously 
evaluated in a phonation cycle, which match the harmonic envelope or the PSD profile. 
The following singular points have been highlighted: p21 → maximum PSD value in dB 
scale; p22 → first minimum value related to the first maximum in dB scale; p23 → 
second PSD maximum value related to the first maximum in dB scale; p24 → second 
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PSD minimum value related to the first maximum in dB scale; p25 → third PSD 
maximum value related to the first maximum in dB scale; p26 → PSD value at the 
maximum Nyquist value relative to the first maximum in dB scale; p27 → relative 
position in frequency of the first maximum; p28 → relative position in frequency of the 
first minimum; p29 → relative position in frequency of the second maximum; p30 → 
relative position in frequency of the second minimum; p31 → relative position in 
frequency at the third maximum; p32 → relative position at the end for Nyquist 
frequency related to the first maximum. 
Figure 2-11 provides a representation of a male voice PSD profile whereas Figure 2-12 
depicts the supraglottal-subglottal trans-admittance transfer function response (i.e. the 
relation between the supraglottal mass velocity and the subglottal force in frequency 
domain). If we contrast Figure 2-11 with Figure 2-12, the depth of the first V-profile of 
the PSD profile is also present in the trans-admittance transfer function response and 
can be explained through the valley that appears in the trans-admittance modulus. 
By tuning the values of the biomechanical parameters {Mi, Mj, Ri, Rj, Ki, Kj y Kij} of the 
symmetric 2-mass model, the trans-admittance clearly matches the main characteristics 
of the PSD profile of the mucosal wave correlate: a rapid rise from low frequencies to a 
first amplitude maximum given by TM1 centred at a frequency fM1, followed by a 
minimum Tm1 at fm1 and a new rise to a second amplitude maximum TM2 at fM2. It can be 
shown [Berry,2001-A] that this V-profile is the result of the interaction between the 2 
cover masses lumped by the spring Kij. This “V” profile may appear several times more, 
while the envelope of the curve shows a decay of 1/f. The conclusions reached so far 
were empirically shown by Švec et al., [Svec,2000], in the experimental measures taken 
over real vocal folds, where the spectral density of the movement in a supraglottal edge 
point of both vocal folds is measured, showing the same V-profiles. 
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Figure 2-12 Modulus and phase frequency response of the trans-admittance between 
the force that affects one mass ant the velocity that appears in the opposite mass. The 
first 2 plots represent a male voice prototype, while the last 2 plots represent a female 
voice prototype. Blue lines corresponds to the behaviour of the trans-admittance 
function from a prefixed circuit elements (Mil,r, Ml,rj, Ril,r, Rjl,r, Kil,r, Kjl,r y Kijl,r), while 
red lines represents the behaviour with the elements that results from inverting the 
system and following the biomechanical parameterisation method. 
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2.1.3 1-mass model of the body structure of the vocal folds 

As previously said, the 1-mass model of the body structure will determine the behaviour 
of the average acoustic wave. This model consists of two masses, Mbl,r, which represent 
the left and right fold bodies. Each of these masses is joined to the ideal walls of the 
system by a spring, Kbl,r, while Rbl,r represents the influence of the viscous losses. The 
dynamic behaviour of this system can be characterised by the following integro-
diferential equations: 

𝑓𝑏𝑙,𝑟 = 𝑀𝑏𝑙,𝑟
𝜕𝑣𝑏𝑙,𝑟
𝜕𝑡 + 𝑅𝑏𝑙,𝑟𝑣𝑏𝑙,𝑟 + 𝐾𝑏𝑙,𝑟 � 𝑣𝑏𝑙,𝑟𝑑𝜁

𝑡

−∞
 Eq. (2-2) 

The equivalent masses of each vocal fold experiment a movement in response to the 
forces, fbl,r that result from the pressure difference between subglottal and supraglottal 
regions. Vibratory movement along x-axis will be described by the position of each 
mass Mbl,r, considered as a point mass. In absence of the vocal tract, the trajectory (or 
vibratory movement) described by the masses follows the description depicted in Figure 
2-6, which consists of semi-sinusoidal arches that reproduce separation, elastic 
retention, approach and collision events (the degree of inelasticity depends on losses 
incurred). Assuming the linearity of the system between collisions, the frequency of the 
arches can be express as: 

𝜔𝑏𝑙 = �
𝐾𝑏𝑙
𝑀𝑏𝑙

;𝜔𝑏𝑟 = �
𝐾𝑏𝑟
𝑀𝑏𝑟

 Eq. (2-3) 

Moreover, Eq. (2-3) must be taken as a rough estimation in order to validate the body-
cover decomposition approach, as we are considering that the body of the vocal folds 
vibrates without cover influence. 

2.2 ACCOUSTIC THEORY OF SPEECH PRODUCTION 
As described in previous sections and following the Gunnar Fant’s [Fant,1985] 
production model (see Figure 2-13), the voiced speech production process can be 
described as the result of the sound pressure wave generated by the vibration of the 
vocal folds flowing through the laryngeal and pharyngeal cavities and finally radiated 
through the lips and/or nostrils (vocal tract). However, as we have already established, 
humans can also generate unvoiced speech (for instance whispered speech), in which 
there is no vibration on the vocal folds. In order to deal with this situation, Fant’s 
production model assumes the existence of two different excitation sources e(n): Glottal 
Excitation and Turbulent Excitation. These excitation sources can be applied, either 
alternately or in combination, to the phonation model (laryngeal, pharyngeal, nasal and 
oral cavities) and then radiated, resulting in a signal, sr(n), that can be heard by the ear 
or captured with a microphone. 

The sound pressure pattern that occurs in the supraglottic cavities immediately after the 
vocal folds (see Figure 2-7) is what we have called glottal source, voice glottal correlate 
or Liljencrants-Fant excitation in its ideal form. Meanwhile, the vocal tract, which 
includes the speech production organs above the vocal folds, can be regarded as a filter 
that alters the frequency content of the glottal source due to its resonances (also known 
as formants: energy amplification) and antiresonances (energy attenuation). This 
circumstance allows the estimation of the vocal tract shape from the spectral shape of 
the voice signal ([Campbell,1997]). 
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Figure 2-13 Gunnar Fant's production model. An excitation source e(n), either a glottal 
excitation for voiced voice or a turbulent excitation for unvoiced voice, feeds the 
phonetic and articulatory organs, represented by an all-pole transfer function. The 
resulting active signal, sa(n), is finally radiated to become a signal, sr(n) that can be 
captured either by the ear or by a microphone. 
According to [Fant,1971], the voice production process can be acoustically simulated by 
a source-filter model (source excitation and filter modulator). In other words, voiced 
speech may be seen as the output of a generation model, Fg(z) (where fg is the glottal 
impulse response), excited by a train of delta pulses, its output spectrally conditioned by 
the vocal tract with transfer function given by Fvt(z) (where fvt is the vocal tract impulse 
response) to produce the speech signal before radiation sl(n) and after radiation s(n), 
where Fl(z) represents the lip radiation model, and r=R-1(z) represents the inverse lip 
radiation model. 

𝑠 = ��𝛿 ∗ 𝑓𝑔� ∗ 𝑓𝑣𝑡� ∗ 𝑟 = �𝑓𝑔 ∗ 𝑓𝑣𝑡� ∗ 𝑟 = 𝑠𝑙 ∗ 𝑟 Eq. (2-4) 

In this simplified approach we assume that the vocal tract and the glottal excitation 
signal have separated acoustic effects. 
If we now focus the attention on the vocal tract, it can be roughly modelled with a series 
of acoustic tubes with specific cross-section areas [Fant,1971]. As it can be seen in (see 
Figure 2-14), the first acoustic tube is supposed to start at the glottis while the last one 
represents either the lips or nostrils. The vocal tract length of adult men is typically of 
17cm. while that of adult women is 14cm. and in children is of 10cm. Regarding the 
diameter and length of each acoustic tube, this two characteristics are related with the 
sound produced (i.e. the manner and place of articulation). Obviously, the acoustic 
configuration of the vocal tract also determines the resonances and antiresonances of the 
tubes. Moreover, these resonances and antiresonances can be characterised by the poles 
and zeros of a digital filter, although for the sake of simplicity an all-pole model (with 
transfer function described in Eq. (2-5)) can also be used. In this last case, the poles of 
the digital filter define the formants of the speech wave. 
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Figure 2-14 Acoustic tube model of speech production ([Campbell,1997]) 

𝐹𝑣𝑡(𝑧) =
1

1 −∑ 𝑎𝑘𝑧−𝑘𝑃
𝑘=1

 Eq. (2-5) 

Since its practical introduction at the late sixties by F. Itakura and S. Saito 
[Itakura,1970], for modelling the vocal tract by inverse filtering of speech signal, Linear 
Prediction has become the de facto method for this purpose. Although a deep review on 
Linear Prediction can be found in [Makhoul,1975], a general review of the relevant 
aspects involved in the inverse filtering performed for the estimation of the glottal 
source form the voice signal, will be done later. 
Finally, the radiation effect due to lips/open air interaction can be acoustically modelled 
by a first-order differentiation of the volume velocity at the lips. This means that in 
order to compensate this radiation effect on the voice signal, a first order integrating 
filter can be used. 

2.3 SOURCE-TRACT SEPARATION OF THE SPEECH SIGNAL 
As we have already established, both glottal source and vocal tract systems are involved 
in speech production processes. It may be expected that glottal information will be more 
influenced by the speaker’s phonation habits, while the description of the vocal tract 
will be more conditioned by the phonetic structure of the message. On its turn the power 
spectral density of the glottal source is strongly conditioned by the biomechanics of the 
vocal folds. Thus, both vocal tract and glottal information seem to be relevant when 
characterizing a speaker. However, in most real-life scenarios (regardless medical 
scenarios), we can only observe the speech signal, which as we have already established 
is the convolution reflected in Eq. (2-4).  

In order to study the influence of vocal tract and glottal information in speaker 
recognition applications, it would be useful to break down the speech signal in a glottal 
source estimate and a vocal tract estimate. In what follows a description of the 
algorithm applied to source-tract separation will be exposed, preceded by a review on 
linear prediction. 

2.3.1 Linear Prediction review 

Linear Prediction (LP) of a temporal signal is a well-known and extensively used signal 
processing technique in speech signal analysis, but having wide application in other 
areas. Although most of signal processing books devote a section to linear prediction 
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theory, in [Kailath,1974] the interested reader may find a remarkable review of the 
history of linear estimation traced back to its very roots.  
Since a deep review of LP is beyond the scope of this thesis, in what follows, only the 
general aspects of LP closely related to inverse filtering processes required to estimate 
the glottal source from the voice signal will be highlighted. 

 
Figure 2-15 Linear Prediction over a discrete signal which results from sampling a 
continuous signal at regular intervals 

The linear prediction problem (as depicted in Figure 2-15) can be defined as the 
estimation of future values of a discrete-time signal from a linear combination of 
previous samples. Or more specifically:  

• Let 𝑠(𝑛) ∈ ℝ be a set of real samples ordered in time domain according to an 
integer variable 𝑛 ∈ ℤ, obtained as a result of sampling a continuous signal, s(t), 
at intervals t=nτ, where 𝑡, 𝜏 ∈ ℝ and τ is the sampling period. Let 𝑆𝐾 =
{𝑠(𝑛 − 𝑖); 1 ≤ i ≤ 𝐾} a set of K consecutive samples defined over the temporal 
window {𝑛 − 𝑖; 1 ≤ i ≤ 𝐾}. The aim of linear prediction is to estimate the next 
sample, s(n), outside the temporal window {𝑛 − 𝑖; 1 ≤ i ≤ 𝐾}, as a linear 
combination of SK samples and the predictor coefficients 𝐴𝐾 = {𝑎𝑖; 1 ≤ i ≤ 𝐾}: 

�̂�(𝑛) = 𝑎1𝑠(𝑛 − 1) + 𝑎2𝑠(𝑛 − 2) + ⋯+ 𝑎𝐾𝑠(𝑛 − 𝐾)

= �𝑎𝑖𝑠(𝑛 − 𝑖)
𝐾

𝑖=1

 Eq. (2-6) 

where 𝑎𝑖 ∈ ℝ, 1 ≤ 𝑖 ≤ 𝐾 are the optimum set of coefficients (optimum 
predictor) evaluated as the ones that minimise the mean square error between the 
prediction and the actual value of s(n): 

𝑒𝐾(𝑛) = 𝑠(𝑛)− �̂�(𝑛) = �ℎ𝑖𝑠(𝑛 − 𝑖)
𝐾

𝑖=0

; 

ℎ0 = 1; ℎ𝑖 = −𝑎𝑖;  1 ≤ 𝑖 ≤ 𝐾 

Eq. (2-7) 

evaluated over the temporal window W={𝑛,𝑁1 ≤ 𝑛 ≤ 𝑁2}:  
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𝐿𝐾 = �𝑒𝐾2
𝑤

 Eq. (2-8) 

NOTE: The prediction error can be regarded as the output of a FIR (Finite 
Impulse Response) filter,  
𝐴𝐾(𝑧) = ∑ ℎ𝑖𝑧−𝑖;𝐾

𝑖=0 ℎ0 = 1; ℎ𝑖 = −𝑎𝑖; 1 ≤ 𝑖 ≤ 𝐾 in response to the input, s(n). 
Therefore, the IIR (Infinite Impulse Response) filter 1/ AK(z) can be used to 
reconstruct the original signal from the error signal. 

Consequently, LP in essence transforms the signal s(n) into a set of K numbers {ai; 
1≤i≤K} and an error signal eK(n). For large K, the spectral information of s(n) is mostly 
contained in the predictor coefficients. 

It can be shown that the function LK has a minimum in the complementary vector space 
defined by the weights of the linear combination {ai; 1≤i≤K}; therefore in the 
minimisation process the following condition must be fulfilled: 

𝜕𝐿𝐾
𝜕𝑎𝑗

= 0; 1 ≤ 𝑗 ≤ 𝐾 Eq. (2-9) 

which is equivalent to: 

𝜕𝐿𝐾
𝜕𝑎𝑗

=
𝜕
𝜕𝑎𝑗

��𝑒𝐾2(𝑛)
𝑊

� = �
𝜕
𝜕𝑎𝑗

�𝑠(𝑛)−�𝑎𝑖𝑠(𝑛 − 𝑖)
𝐾

𝑖=1

�

2

𝑊

= −2�𝑠(𝑛 − 𝑗) �𝑠(𝑛)−�𝑎𝑖𝑠(𝑛 − 𝑖)
𝐾

𝑖=1

�
𝑊

= 0; 1 ≤ 𝑗 ≤ 𝐾 

Eq. (2-10) 

and can be reformulated as: 

�𝑠(𝑛 − 𝑗)𝑠(𝑛)
𝑊

= �𝑎𝑖�𝑠(𝑛 − 𝑗)𝑠(𝑛 − 𝑖)
𝑊

𝐾

𝑖=1

 Eq. (2-11) 

Eq. (2-11) are also known as the Normal Equations (Yule-Walker equations or Wiener-
Hopf equations). If prediction coefficients, {ai; 1≤i≤K}, have been estimated through 
the Normal Equations, then the estimation error, e(n), is orthogonal to the extended 
sample vector Sk+1={Sk,s(n)} on the temporal interval considered: 

�𝑠(𝑛 − 𝑗)𝑒(𝑛)
𝑊

= 0; 1 ≤ 𝑗 ≤ 𝐾 Eq. (2-12) 

Moreover, if we define cij, as 

𝑐𝑖𝑗 = �𝑠(𝑛 − 𝑗)𝑠(𝑛 − 𝑖)
𝑊

 Eq. (2-13) 

then, we can reformulate the Normal Equations as: 

�𝑎𝑖𝑐𝑖𝑗

𝐾

𝑖=1

= 𝑐𝑗0; 1 ≤ 𝑖 ≤ 𝐾; 1 ≤ 𝑗 ≤ 𝐾 Eq. (2-14) 
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𝐶𝑎 = 𝑞 Eq. (2-15) 

This reformulation allows for an intuitive solution though the use of matrix inversion 
(covariance method): a=C-1q 
Since its original formulation, different algorithms have been proposed for solving the 
Normal Equations for {ai; 1≤i≤K}. An alternative method to the covariance one, is the 
autocorrelation method, in which in order to simplify cij, the assumption s(n)=0 outside 
the temporal window under analysis is made. 

𝑐𝑖𝑗 = �𝑠(𝑛 − 𝑗)𝑠(𝑛 − 𝑖)
𝑊

= �𝑠(𝑛)𝑠(𝑛 + |𝑖 − 𝑗|)
𝑊

= 𝑟𝑖𝑗 Eq. (2-16) 

In this way, cij = cji = rij, and rij receive the name of autocorrelation coefficients of the 
autocorrelation matrix. The autocorrelation matrix has the form of a Toeplitz matrix, 
which is symmetrical and has the same values along the lines parallel to the diagonal. 
According to this approach, Eq. (2-14) can be expressed by matrix representation: 

⎣
⎢
⎢
⎢
⎡
𝑟0 𝑟1 𝑟2 … 𝑟𝐾−1
𝑟1 𝑟0 𝑟1 … 𝑟𝐾−2
𝑟2 𝑟1 𝑟0 ⋯ 𝑟𝐾−3
⋮ ⋮ ⋮ ⋱ ⋮

𝑟𝐾−1 𝑟𝐾−2 𝑟𝐾−3 ⋯ 𝑟0 ⎦
⎥
⎥
⎥
⎤

⎣
⎢
⎢
⎡
𝑎1
𝑎2
𝑎3
⋮
𝑎𝑘⎦
⎥
⎥
⎤

=

⎣
⎢
⎢
⎡
𝑟1
𝑟2
𝑟3
⋮
𝑟𝐾⎦
⎥
⎥
⎤
 Eq. (2-17) 

where  

𝑟𝜏 = �𝑠(𝑛)𝑠(𝑛 + 𝜏)
𝑊

= �𝑠(𝑛)𝑠(𝑛 + |𝑖 − 𝑗|)
𝑊

= 𝑐𝑖𝑗 = 𝑐𝑗𝑖;  ∀𝜏 = |𝑖 − 𝑗| Eq. (2-18) 

NOTE: Although the covariance and correlation methods give almost the same 
results when the original signal is large enough and stationary, their results differ 
when s(n) is short and weakly stationary or quasi-stationary.  

The equations expressed in Eq. (2-16) can be efficiently solved using the Levinson-
Durbin recursion (originally proposed by Norman Levinson and improved later by J. 
Durbin [Durbin,1960]). This method states that a solution to the Normal Equations, Eq. 
(2-11), expressed by matrix representation in Eq. (2-17) can be achieved using the 
following recursion: 

• Initialisation of the mean quadratic value of the fragment of the signal under 
study: 

𝐿0 = 𝑟0 Eq. (2-19) 

• Loop 1 ≤ j ≤ K: 

Where 𝑎𝑖
𝑗, represents the estimation of ith coefficient at jth iteration, and Lj, 

represents the mean squared error produced at iteration j. 

o Evaluation of the jth reflection coefficient (also known as PARtial 
CORrelation – PARCOR – Coefficient). 
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𝑐𝑗 =
1
𝐿𝑗−1

�𝑟𝑗 −�𝑎𝑖
𝑗−1𝑟𝑗−𝑖

𝑗−1

𝑖=1

� Eq. (2-20) 

 
o Evaluation of the prediction coefficients of jth order. 

𝑎𝑗
𝑗 = 𝑐𝑗;  

𝑎𝑖
𝑗 = 𝑎𝑖

𝑗−1 − 𝑐𝑗𝑎𝑗−𝑖
𝑗−1 

Eq. (2-21) 

o Estimation of mean square error obtained at jth iteration. 

𝐿𝑗 = 𝐿𝑗−1�1 − 𝑐𝑗2� Eq. (2-22) 

o If j≠K → Go to 1 

• Finally: 

𝑎𝑖 = 𝑎𝑖𝐾; 𝑎 ≤ 𝑖 ≤ 𝐾 

 Eq. (2-23) 

Levinson-Durbin recursion can be reformulated in order to evaluate the reflection 
coefficients from the statistical correlation between the forward prediction error, fk(n), 
and the backward prediction error, bk(n). This last one can be viewed as the error 
incurred in predicting s(n-K-1), the first sample out of the prediction window set SK, 
looking backwards with a coefficient set BK= {bi; 1≤i≤K}. In order to guarantee the 
stability of the solution, [Itakura,1970] proposed the used of the geometric mean 
between the forward prediction coefficients and the backward prediction coefficients, 
leading to the following expression to evaluate the reflection coefficients from which 
the prediction coefficients can be obtained: 

𝑐𝑗 =
∑ 𝑓𝑗−1(𝑛)𝑛 𝑏𝑗−1(𝑛 − 1)

�∑ 𝑓𝑗−12 (𝑛)𝑛 ∑ 𝑏𝑗−12 (𝑛 − 1)𝑛

 Eq. (2-24) 

 

This coefficient, also known as PARCOR coefficient, can be regarded as the cosine of 
the angle formed by the forward and backward prediction errors, considered as vectors 
(fj and bj, respectively). 
The complete Itakura-Saito algorithm is as follows: 

• Initialisation of the backward and forward prediction errors from the original 
signal: 

𝑓0(𝑛) = 𝑏0(𝑛) = 𝑠(𝑛) Eq. (2-25) 

• Loop 1 ≤ j ≤ K: 

o Evaluation of the jth reflection coefficient (also known as PARtial 
CORrelation – PARCOR – Coefficient) using Eq. (2-24). 
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o Evaluation of the prediction coefficients of jth order. 

𝑎𝑗
𝑗 = 𝑐𝑗;  

𝑎𝑖
𝑗 = 𝑎𝑖

𝑗−1 − 𝑐𝑗𝑎𝑗−𝑖
𝑗−1 

Eq. (2-26) 

o Evaluation of the new forward and backward prediction errors. 

𝑓𝑗(𝑛) = 𝑓𝑗−1(𝑛)− 𝑐𝑗𝑏𝑗−1(𝑛 − 1)  

𝑏𝑗(𝑛) = −𝑐𝑗𝑓𝑗−1(𝑛) + 𝑏𝑗−1(𝑛 − 1)  
Eq. (2-27) 

o If j≠K → Go to 1 

• Finally: 

𝑎𝑖 = 𝑎𝑖𝐾; 𝑎 ≤ 𝑖 ≤ 𝐾 Eq. (2-28) 

Although Itakura-Saito and Levinson-Durbin algorithms almost arrive to the same 
solution, the former is more compact, modular, extensible and reusable. 

Forward and backward prediction error filters can be implemented by transversal filters. 
However, filters derived from Eq. (2-24) and Eq. (2-27), known as PARCOR filters or 
Lattice Filters (see Figure 2-16), have the advantage of allowing the extension of the 
filter from order K to order K+1 with the addition of a new lattice section - Eq. (2-27). 
This means that there is no need of re-evaluating neither PARCOR coefficients nor 
forward or backward prediction errors previous to the new added lattice. 

 
Figure 2-16 Lattice structure that generates forward and backward predictor errors for 
all optimal predictors with order 1 ≤ k ≤ K, and details of the kth lattice 
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2.3.1.1  Properties of the prediction error filters 

• Minimum-phase property of the prediction error filters. 

For the optimal predictor, i.e. the optimum set of prediction coefficients, it can 
be shown that it is minimum-phase. In other words, it has all of its singularities 
inside the unit circle, unless the original signal, s(n), represents a line spectral 
process. The important consequence of this property is that the prediction error 
filter has a causal stable inverse 1/AK(z). 

• Constrained log-spectrum. 
Another consequence derived from the minimum phase property is the fact that 
the log spectrum is constrained: 

� log(|𝐴(𝑤)|2)𝑑𝑤
𝜋

−𝜋
= 0 Eq. (2-29) 

In fact, the mean of the log spectrum for a causal minimum-phase prediction 
error filter, is: 

1
2𝜋

� log(|𝐴(𝑤)|2)𝑑𝑤
𝜋

−𝜋
= 2 log(|𝑎0|) = 2 log(1) = 0 Eq. (2-30) 

• Orthogonality Principle. 
One of the most important properties of the prediction error filters is the 
uncorrelation of forward and backward prediction errors respect to the input 
signal, as it is shown by the set of K Eq. (2-9). In fact this set of equations 
reflects the Orthogonality Principle, which states that for the optimal predictor 
coefficients, the forward error prediction and the delayed data of the reference 
signal over the temporal window W are orthogonal. This principle is 
geometrically depicted in Figure 2-17 for a 2-dimension vector space. 

 
Figure 2-17 Geometrical interpretation of the Orthogonality Principle in a 
prediction error filter of order 2 

In Figure 2-17, the image shows that the norm of the forward error, e(n), will be 
minimum when the vector is perpendicular to the basis B={SK}, where SK={s(n-
1),…s(n-K)} are the set of delayed data of the reference signal that build a vector 
subspace of MK-dimension (K=2 in Figure 2-17). The most important 
consequence of the Orthogonality Principle is the spectral properties of the 

 112 



SPEECH PRODUCTION AND BIOMETRIC CHARACTERISATION OF VOICE 

prediction process. As far as the forward prediction error, e(n), is orthogonal to 
all delay samples of the reference signal (i.e. e(n) and the delayed samples of the 
reference signal are order-2 statistically independent), we can conclude that e(n) 
is also orthogonal to all the delayed estimations of it, i.e. is orthogonal to {e(n-l) 
; l > 0}. Therefore, the statistical nature of e(n) is that of a white stochastic 
process if K is large enough. If K →∞, the resulting filter is known as Wiener 
Filter [Wiener,1949]. 

Given a stochastic process s(n) zero mean and σ2 variance; if all the delayed 
samples over an interval  j are mutually orthogonal, then it is considered a white 
stochastic process: 

�𝑠(𝑛)𝑠(𝑛 − 𝑗)
𝑊

= �𝜎
2; 𝑗 = 0

0; 𝑗 ≠ 0
� Eq. (2-31) 

If we apply this test to forward error prediction, e(n): 
o By the Orhtogonality Principle we already know that e(n) is orthogonal 

to all delayed samples of s(n). 
o We also know that e(n) is a linear combination of present and past 

samples of s(n): 

𝑒(𝑛) = 𝑠(𝑛)− � 𝑎𝑖𝑠(𝑛 − 𝑖)
𝐾→∞

𝑖=1

 Eq. (2-32) 

This equation can be expressed in terms of the convolution product as: 

𝑒 = 𝑠 ∗ ℎ𝑊 Eq. (2-33) 

Where hw = 1-aw is the impulse response of the equivalent Wiener 
prediction error filter, assuming that the aw is the impulse response of the 
equivalent Wiener prediction filter. 

o Then: 

�𝑒(𝑛)𝑒(𝑛 − 𝑗)
𝑊

= �𝑒(𝑛)𝑠(𝑛 − 𝑗)
𝑊

−�𝑎𝑖�𝑒(𝑛)𝑠(𝑛 − 𝑗 − 𝑖)
𝑊

∞

𝑖=1

= �
�𝑒2(𝑛)
𝑊

; 𝑗 = 0

0; 𝑗 ≠ 0
� 

Eq. (2-34) 

Therefore e(n) is white. 

2.3.2 Source-Tract separation proposed algorithm 

The theory of inverse filtering via linear prediction, applied to Fant’s production model 
(see Figure 2-13), has been used for the reconstruction of the glottal source. Through 
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this method, the prediction error can be regarded as a glottal residual, which is related 
with the first derivative of the glottal source, which at the same time is related with the 
first derivative of the glottal flow. Glottal flow, glottal source and glottal residual are 
also known as Glottal Correlates of voice.  

 
Figure 2-18 General filtering model for the inversion of Fant’s voice production model 
(see Figure 2-13) 
Figure 2-18 provides a general block diagram in which the inverse functions needed to 
generate an estimation of the voice signal before lip radiation and an estimation of the 
glottal source are included in the corresponding block. The inversion of the model is 
performed by means of linear prediction methods already presented and defined over 
the convolution product in Eq. (2-33). More specifically, predictive structures based on 
the Itakura-Saito PARCOR algorithm have been modified by the research group in 
order to model and invert the system, providing a highly efficient algorithmic structure, 
known as paired lattice.  

• Lip radiation compensation model: 
In order to compensate the lip radiation effects, a first order transversal filter, 
like the one depicted in Figure 2-19.b, can be used. Additionally this process can 
be implemented using a first order prediction error lattice like the one in Figure 
2-19.a, which operates like an FIR filter according to the recursion: 

𝑓𝑘(𝑛) = 𝑓𝑘−1(𝑛) + 𝑐𝑘−1𝑏𝑘−1(𝑛 − 1) Eq. (2-35) 

So when k=1 and c0=-rf (which is the first reflection coefficient) and given: 

𝑓0(𝑛) = 𝑏0(𝑛) = 𝑠(𝑛) Eq. (2-36) 

the lattice behaves like a first order differentiator: 

𝑠𝑙(𝑛) = 𝑓𝑙(𝑛) = 𝑠(𝑛)− 𝑟𝑓𝑠(𝑛 − 1) Eq. (2-37) 

with transfer function given by: 

𝐻𝑙(𝑧) = 𝑅−1(𝑧) = 1 − 𝑟𝑓𝑧−1 Eq. (2-38) 

This cancels the first order pole introduced by lip radiation effects. 
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Figure 2-19 Lip radiation cancel filter implemented as a first order lattice. a) 
PARCOR lattice implementation. b) First order transversal filter 

• Source compensation model: 
Source model inversion can be carried out according to the following recursion: 

𝑒(𝑛) = 𝑢(𝑛) + 𝛾𝑢(𝑛 − 1) Eq. (2-39) 

which corresponds to a first difference filter given by: 

𝐻𝑔(𝑧) = 1 − 𝛾𝑧−1 Eq. (2-40) 

It can be implemented using a first order prediction filter with coefficient γ. This 
procedure is just an approximation, as glottal source is not a minimum-phase 
signal [D'Alessandro,2007]. However, this does not prevent the problem to be 
solved by the iterative method proposed, as it can reach a satisfactory solution in 
a few iterations. 

• Vocal tract transfer function estimation: 
As depicted in Figure 2-18, a combination of the glottal and radiation models is 
possible whenever we consider the operation of the different blocks as 
commutative operators. The association of the first two blocks may be inverted 
using a second order prediction error filter. Thus the speech trace is processed by 
a second order inverse filter with transfer function given by: 

𝐻𝑙𝑔(𝑧) = 𝑅−1(𝑧)𝐹𝑔−1(𝑧) = �1 − 𝑟𝑓𝑧−1�(1 − 𝛾𝑧−1)
= 1− �𝑟𝑓 + 𝛾�𝑧−1 + 𝑟𝑓𝛾𝑧−2 

Eq. (2-41) 

where 𝑅−1(𝑧) and 𝐹𝑔−1(𝑧) respectively represent the inverse transfer functions 
of the lip radiation model and the glottal pulse generation model. This second 
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order inverse filtering may be implemented by a second order prediction error 
lattice. Obviously, the output of this second-order filter, sv(n), is the signal 
contributed by the vocal tract model: 

𝑠𝑣(𝑛) = 𝑠(𝑛)− �𝑟𝑓 + 𝛾�𝑠(𝑛 − 1) + 𝑟𝑓𝛾𝑠(𝑛 − 2) Eq. (2-42) 

This equation can be expressed in terms of convolution product as: 

𝑠𝑣 = 𝑠 ∗ ℎ𝑔𝑙 Eq. (2-43) 

Thereby, the vocal tract inverse model will then be the Wiener Filter reducing 
sv(n) to a signal with white power spectral distribution: 

𝑠𝑣 ∗ ℎ𝑔𝑙 = 𝛿(𝑛) Eq. (2-44) 

The Wiener filter may be implemented by a prediction error lattice with a 
dimension K large enough to reduce the output power spectrum to a flat 
behaviour in the frequency domain. 

With what has been presented, the actual signal processing procedures used to estimate 
the glottal source, based on Alku et al. IAIF method [Alku,1992], [Alku,1994], 
[Cheng,1989], are explained in detail below. Figure 2-20.a provides a block diagram of 
a complete system to estimate the glottal residual u(n) from the speech signal, expressed 
in terms of convolution in Eq. (2-4). The first stage in the process consists in estimating 
the speech trace at lips sl(n), i.e. remove the radiation effects to get the radiation 
compensated voice. The construction process of sl(n) can be express in terms of 
convolution products as: 

𝑠 ∗ ℎ𝑔𝑙 = {𝑠𝑙 ∗ 𝑟} ∗ ℎ𝑙 = 𝑠𝑙 ∗ {𝑟 ∗ ℎ𝑙} ≅ 𝑠𝑙 Eq. (2-45) 

where it has been assumed that the operators r and hl are inverse to each other with 
respect to the convolution.  

In addition, a first estimation of the glottal impulse response hg is also obtained, which 
permits to remove the influence of the glottal residual from the radiation compensated 
voice: 

𝑠𝑣 = 𝑠𝑙 ∗ ℎ𝑔 Eq. (2-46) 

The resulting first estimation of the de-glottalised voice, sv, may be inverted finding its 
equivalent inverse impulse response hv0 (equivalent Wiener filter), such that: 

𝑠𝑣 ∗ ℎ𝑣0 = 𝛿 Eq. (2-47) 

The inverse impulse response of the vocal tract may be used to remove the influence of 
the vocal tract from the radiation compensated voice, sl, by direct convolution 
producing a more accurate estimation of the glottal residual u(n): 
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𝑠𝑙 ∗ ℎ𝑣0 = �𝑓𝑔 ∗ 𝑓𝑣𝑡� ∗ ℎ𝑣0 = 𝑓𝑔 ∗ {𝑓𝑣𝑡 ∗ ℎ𝑣0} ≅ 𝑓𝑔 = 𝑢0 Eq. (2-48) 

In order to obtain a more accurate estimation of the glottal residual, Figure 2-20.b 
describes an iterative system, in which the first estimation of the glottal residual is used 
to improve the estimation of the vocal tract transfer function from the radiation 
compensated speech. According to the block diagram, the (i-1)th estimation of the 
glottal residual, ui-1(n), is Wiener-inverse filtered, reducing it to a white process, δ(n). 
The prediction coefficients of the equivalent Wiener filter, hgi(k), constitute the impulse 
response of such filter, which when convolved with sl(n) produced the ith estimation of 
the de-glottalised speech, svi(n). Again, svi(n) is Wiener-inverse filtered, reducing it to a 
white process, δ(n).The prediction coefficients of the equivalent Wiener filter hvi(k) 
when convolved with sl(n) remove the influence of the vocal tract, reducing it to the ith 
estimation of the glottal residual ui(n).  

 
 

a)  

b)                                  

Figure 2-20 Block diagram method for the reconstruction of the glottal residual 
correlate by complemented inverse filtering: a) Initial estimate of the glottal residual 
correlate. b) ith iteration of the tuning process. 
Our approach (Figure 2-21) is based on Alku’s iterative process, but taking into account 
that the structure of the Wiener filter (implemented by a PARCOR lattice) and its 
associate convolver (see Figure 2-20.b) used to remove the influence of the transfer 
function estimated by inverse filtering are integrated together in a single structure 
(paired lattice) as put forth in Figure 2-22. 
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1: Inverse
Radiation

Model Hl(z)

2: Glottal Pulse
Inverse Model

Hg(z)

3: Vocal Tract
Model Fv(z)

4: Vocal Tract
Inverse Model

Hv(z)

5: Glottal Pulse
Model Fg(z)

Input Voice
s(n)

Radiation
Compensated

Voice sl(n)
De-glottalized

Voice sv(n)

De-vocalized
glottal trace

vg(n)
 

Figure 2-21 Iterative estimation of the vocal tract transfer function Fv(z)and the glottal 
residual vg(n). Blocks Fv(z) and Hv(z) or Fg(z) and Hg(z) are implemented by successive 
chains of adaptive lattice filters 
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Figure 2-22 Paired lattice joint estimator that combines a modelling filter section with 
an inverse filtering section, joining in a single structure the two blocks of each diagonal 
in Figure 2-21 
As depicted in Figure 2-21, the first step consists in removing the radiation effects from 
voice signal, s(n), by filtering with Hl(z). This is performed with a first order prediction 
error lattice, like the one in Figure 2-19.a, which operates like an FIR filter. In the next 
step, an inverse filter, Hg(z), of the glottal pulse generating model, Fg(z), is used to 
remove the influence of the glottal source from the radiation compensated voice, 
generating a first estimation of de-glottalised voiced, sv(n). This trace is somehow 
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equivalent to the vocal tract response to a delta pulse train. In this first iteration, Hg(z), 
do not need to be a very precise estimation, as it will be refined in successive iterations. 
In step 3, the vocal tract model, Fv(z), is estimated by inverse filtering of this last trace 
using another adaptive lattice (in practice the order of this filter will depend on the 
quality of speech signal and gender of speaker). In the next step, the radiation 
compensated voice will be filtered with the vocal tract inverse model, Hv(z), removing 
the vocal tract influence. Therefore, the residual vg(n) contains only glottal source 
information (in fact, depending on the model order of Hl(z) and Hv(z), vg(n) contains 
direct estimations of the glottal source or its derivatives). Finally, step 5 produces a 
more precise glottal source generating model, Fg(z), by inverse filtering of the residual 
trace obtained in the previous step, allowing an improvement of Hg(z). Repeating steps 
2-5 allows the successive improvement of estimations sv(n) and ug(n) (obtained by 
integrating vg(n)). The iteration loop is repeated as many times as necessary, according 
to a stabilisation criterion. In practice, usually two or three iterations are enough to 
concurrently produce a reliable estimation of the glottal source (ug(n)) and vocal tract 
(sv(n)) in a real case. This last trace, almost free from glottal influence and associated to 
the unit impulse response of the vocal tract, is particularly relevant in the accurate 
estimation of formants (resonances) of the vocal tract as it is almost free from the 
influence of the glottal dynamics in the vocal tract pattern, as opposed to whether this 
estimate was made on the original speech signal. 

 
Figure 2-23 Speech glottal traces that result from the described separation algorithm: a) 
Input voice (original speech wave); b) Glottal residual that results from linear prediction 
estimation; c) Glottal source that results from integrating the glottal residual; d) Glottal 
flow, resulting from integrating the glottal source. 

Figure 2-23 depicts the set of signals that can be reconstructed from the speech wave 
through the application of the separation algorithm described above. In Figure 2-23.c it 
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is shown how the reconstructed glottal source clearly follows the L-F model, although 
not exactly, as the L-F model rarely appears in real speech. 
Once the glottal source have been estimated, the next stage involves the differentiate 
estimation of the body and cover correlates of the glottal source. This have been 
achieved, as described in [Gómez,2004-A], [Gómez,2004-B], using an adaptive method 
that evaluates the amplitude of the semi-sinusoidal arch corresponding to the average 
acoustic wave defined in [Titze,1994-A]. In fact, it is an adaptive method, synchronous 
with the glottal cycle, which evaluates the amplitude of a semi-sinusoidal arch, sg(n) 
that minimises the error energy between the glottal source, ug(n), and the arch in the 
glottal cycle, defined as having Nk samples:  

𝐿 = � 𝜀𝑘2
𝑛∈𝑊𝑘

= � �𝑢𝑔𝑘(𝑛) − 𝑠𝑔𝑘(𝑛)�
2

𝑛∈𝑊𝑘

 Eq. (2-49) 

Where Wk is the associated window to the kth phonation cycle, and: 

𝑠𝑔𝑘(𝑛) = 𝑠0𝑘 sin(𝜔𝑘𝑛𝜏);𝑛 ∈ 𝑊𝑘  Eq. (2-50) 

The optimal amplitude for each arch can be obtained through the minimisation of the 
cost function L, with respect to the amplitude s0k: 

𝜕𝐿
𝜕𝑠0𝑘

= 0 → 𝑠0𝑘 =
∑ 𝑠𝑔ℎ(𝑛) sin(𝑤𝑘𝑛𝜏)𝑛∈𝑊𝑘

∑ sin2(𝑤𝑘𝑛𝜏)𝑛∈𝑊𝑘

 Eq. (2-51) 

The cover dynamic component or mucosal wave correlate is defined as the difference 
between the glottal source and the average acoustic wave, evaluated over each glottal 
cycle: 

𝑠𝑐𝑘(𝑛) = 𝑢𝑔𝑘 − 𝑠0𝑘 sin(𝑤𝑘𝑛𝜏) ;𝑛 ∈ 𝑊𝑘  Eq. (2-52) 

From Eq. (2-52) we can define the cover dynamic component (or mucosal wave 
correlate) as the minimum energy signal that is obtained after subtracting the body 
dynamic component of the vocal folds from the glottal source. Figure 2-7 shows an 
estimation of these components on the ideal L-F model of the glottal source, while 
Figure 2-24 and Figure 2-25 respectively show these components on male and female 
real estimations of the glottal source. 
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Figure 2-24 Real glottal source models reconstructed according to the presented 
method for a male speaker (black: Glottal Source; red: Average Acoustic Wave; 
magenta: Glottal Flow; blue: Mucosal Wave Correlate; green: derivative of the Mucosal 
Wave Correlate). The upper image provides a graphical representation of the mucosal 
wave correlate estimation by subtracting the body dynamics to the glottal source. The 
lower image provides a representation of the detected glottal cycles. 
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Figure 2-25 Real glottal source models reconstructed according to the presented 
method for a female speaker (black: Glottal Source; red: Average Acoustic Wave; 
magenta: Glottal Flow; blue: Mucosal Wave Correlate; green: derivative of the Mucosal 
Wave Correlate). The upper image provides a graphical representation of the mucosal 
wave correlate estimation by subtracting the body dynamics to the glottal source. The 
lower image provides a representation of the detected glottal cycles. 

2.3.3 Comments on the source-tract separation algorithm 

The most relevant features of the source-tract reconstruction process employed, which 
constitutes a novel approach respect to previous works in the area are: 

• The structure of the prediction error filters, used in the model inversion steps, 
follows the lattice structure depicted in Figure 2-16, instead of the transversal 
filters typically used in the state-of-the-art. This methodology allows the 
reconstruction of the transversal section of the vocal tract from the PARCOR 
coefficients of the vocal tract model, Fv(z). As it has already been said, this 
model is almost free from the influence of the glottal source dynamics, therefore 
the all-pole model is more precise and the reflection coefficients are of better 
quality; consequently the reconstruction of the transversal area of the vocal tract 
is better than in the state-of-the-art systems. The reconstruction can be expressed 
as: 

𝑠𝑖 = 𝑠𝑖
1 − 𝑟𝑖
1 + 𝑟𝑖

 Eq. (2-53) 

where Si represents the equivalent section of the ith stage of the acoustic tube 
(see Figure 2-14), and ri is the ith reflection (PARCOR) coefficient. Moreover, if 
the sampling frequency of the voice signal is adequately established, then more 
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accurate estimates of the reflection waves inside the acoustic tube that models 
the vocal tract (related with pressure waves inside it) can be produced. 
Following this approach a non-invasive and more precise reconstruction of the 
glottal source can be performed. 

• The lattice filter implementation follows an adaptive approach, so it better 
models the non-stationarity of the signal 

• As it has already been said, and reflected in Figure 2-21 and Figure 2-22, a 
paired lattice can integrate the Wiener Filter and its associated convolver, which 
allows removing the influence of a transfer function estimated by inverse 
filtering. In fact, lattice filter properties have been applied to carry out the 
described inversion process. More specifically, the residual error from a lattice 
filter, as shown for example in [Deller,1999], may be seen as the output of an 
all-pole filter inverse to the lattice input trace. This result allows to jointly build 
the inverse impulse response to sv by a lattice reducing this signal to a white 
series, and at the same time convolve the associated signal sl with the same 
inverse impulse response by means of a paired lattice (lower) which uses the 
same reflection coefficients derived in the driving lattice (upper) as shown in 
Figure 2-22.  

As we have pointed out, the present method follows the IAIF-method presented by Alku 
in [Alku,1992], which has found considerable applications in the clinical field and in 
speech quality analysis in general [Gómez,2009], [Gómez,2007-A]. However this is not 
the only existing method to accurately estimate the source and vocal tract component of 
voice. [Backstrom,2002] also present a modification to Alku’s method which consists in 
estimating the vocal tract transfer function using a discrete all-pole (DAP) modelling 
technique instead of LPC. According to their results, this modification provides better 
estimation of the first formants, especially the first one, thus decreasing the amount of 
formant ripple in the estimated glottal flow. However, this improvement is more 
relevant when applied to high pitch frequency voices and when the vocal tract can be 
well modelled using an all-pole envelope, which is not always possible.  

Previously, [Plumpe,1999] introduced a robust approach to identify the glottal closed-
phase based, in which the absence of source-filter interaction will result in no or little 
formant modulation, on first formant tracking calculated from the vocal tract estimates. 
Then the glottal flow results from inverse filtering with a vocal tract estimated derived 
from the covariance method within this interval. This method, despite being robust 
presents certain drawbacks. First of all the computational cost derived of using a one-
sample shift sliding window for close-phase estimation. It also requires the use of 
multiple pitch cycles when dealing with high pitch speakers. In addition, the close-
phase region detection is clearly affected by the fact that under some circumstances or 
some voice pathology the vocal folds may never completely close. Finally there is a 
need for a way to determine a stable and optimal vocal tract function in the close phase. 
Following the idea of close-phase analysis [Akande,2005] introduced the AEVT 
(adaptive estimation of the vocal tract transfer function) method which is focused more 
on precise vocal tract estimation rather than on exact source-tract separation. In this 
adaptive method, the first step consists in removing the glottal frequency by a 
frequency-selective, multi-pole, zero-phase lag high-pass filter whose role-off is 
adjusted to meet the low-frequency gain criterion. Using this high-pass filtered data and 
applying covariance linear prediction analysis and an adaptive algorithm that selects an 
optimum linear prediction order that satisfies the criteria for minimum phase systems, 
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the vocal tract filter parameters are estimated over a pitch cycle. Finally, removing the 
effects of the vocal tract and lip radiation from original speech by inverse filtering and 
subsequent integration provides an estimate of the glottal volume velocity. Again, this 
method is limited by some problems pointed out by the authors. First, it seems to work 
only in the cases in which the glottal frequency is lower and sufficiently separated from 
the first formant which is not always the case. Additionally and probably more 
important is the fact that although removing the influence of the glottal frequency the 
method does not remove glottal contributions over the entire spectrum. Again high pitch 
voices seem to be problematic. 

[Gudnason,2008] applied the DYPSA algorithm [Naylor,2007] to identify glottal 
closure instants in each cycle. Using multicycle close-phase analysis an autoregressive 
model of the vocal tract is estimated and used to produce vocal-tract mel cepstrum 
coefficients (VTCC). In order to obtain a representation of the voice source (different 
from glottal source), the VTCC are subtracted from the mel-frequency cepstrum 
coefficients (MFCCs) of the speech frame. As already pointed out, accurate detection of 
closed phase can be difficult under some circumstances such as presence of noise or soft 
phonation. To overcome this problem, in recent work [Kinnunen,2009] proposed an 
approach similar to ours. Again the IAIF method is applied to extract an estimation of 
both the vocal tract and glottal source, from this last signal, the source mel-frequency 
cepstral coefficients are evaluated to capture the frequency-domain characteristics of 
voice. 

Moreover the differences with respect to these methods not only exist in the separation 
algorithm but in the features derived from the source and tract estimations. 

2.4 BIOMETRIC CHARACTERISATION OF VOICE 
Robust speaker recognition is based on the contextual use of a set of features which 
must be extracted at different levels: biometric, acoustic-phonetic, phonologic, prosodic 
and rhythmic, morphological-linguistic, dialectal, etc. However, if the speaker 
recognition system is supposed to be language independent then it must rely on acoustic 
and biometric features rather than in semantic, dialectal or pronunciation features. 
Although these last features provide alternative information for speaker characterisation 
they are more dependent on the socioeconomic, educative and linguistic level of the 
speaker. On the other hand aspects such as prosody, rhythm, speed and pitch, or 
modulation, along with issues such as nasality, depth or roughness and others associated 
with the anatomy of the vocal apparatus and laryngeal system (biometric), may 
constitute low level clues that can be easily characterised. 

Despite this consideration the most important aspect regarding characterisation features 
is that they must provide high discriminative power between speakers, i.e., high inter-
speaker variability and low intra-speaker variability. Characterisation features can be 
split into two main groups, labelled as low-level features and high-level features. 
Regarding low-level features we can perform an additional classification: 

• Biometric level: It is based on the detection of a set of features during voice 
production that are not subject to imposture or at least difficult to forge, as they 
are linked with physiological and psychological aspects of the speaker. For 
instance, jitter (short-term perturbation in the fundamental frequency, F0), 
shimmer (perturbations on the cycle-to-cycle phonation amplitude) or glottal 
source characteristics. 
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• Spectral level: It has been extensively used in speaker recognition systems for 
feature extraction. Typically this method consists in identifying spoken message 
fragments in an utterance and then estimate the power spectral density of the 
voiced fragments following standard methods (such as FFT or LPC) evaluated in 
overlapped sliding windows in order to achieve a good temporal monitoring 
while warranting the pseudo-stationarity of the evaluated frame. Then, the PSD 
is parameterised in order to obtain MFCC (Mel-Frequency Cepstral 
Coefficients) patterns and their temporal derivatives (∆MFCC), which aligned in 
streams, will serve as templates in the classification process. 

Biometric and spectral levels are considered as the lowest levels while the remainders 
are considered as high level features. As the use of high level features is beyond the 
scope of the present dissertation, only a brief description has been already presented in 
Chapter 1. Moreover, speaker recognition systems that use low level features usually 
provide better results than those using high-level features [Reynolds,2003]. 
The aim of the present proposal is to study the use of the information obtained from the 
glottal source correlates which result from removing the influence of vocal tract on the 
speech signal (to incorporate speaker information relying exclusively in biometry) 
together with parameters obtained from the vocal tract transfer function (to take into 
account the acoustic-phonetic character of the speech signal), and finally fusing these 
results in a non-competitive way with classical parameters. As we have already 
established, both glottal source and vocal tract systems are involved in speech 
production processes. Most of the previous works in the area and even current state-of-
the-art systems still use classical parameterisation techniques that consider the power 
spectral density of speech as a whole or just parameterisation techniques that only take 
into account the vocal tract information. This can be easily checked by reviewing the 
description of the systems submitted to the NIST 2010 SRE (URL: NIST SRE 2010), in 
which almost 100% of those systems used MFCC parameters extracted from the voice 
signal. Additional examples can be found, for instance in [Kinnunen,2009], 
[Gudnason,2008], [Ferrer,2008], [Nickel,2006], [Bimbot,2004]. It may be expected that 
glottal information will be more influenced by the speaker’s phonation habits, while the 
description of the vocal tract will be more conditioned by the phonetic structure of the 
message. On its turn the power spectral density of the glottal source is strongly 
conditioned by the biomechanics of the vocal folds. The hypotheses that support this 
approach are: 

• Voice biometrics based on the use of the glottal trace is hardly controllable by 
the speaker, hence making it hard to forge. In this way the false-acceptance 
produce by wolf-like speakers is expected to be reduced. 

• The separation of biometric (glottal) and articulatory (vocal tract) features into 
two independently-treated sets, will reduce the dependence degree of intra-
speaker statistical distributions, thus producing less variability speaker 
descriptions. 

In this way, it is necessary to define two processing cores (for glottal parameterisation 
and vocal tract parameterisation) which will cooperate with another core working on 
classical spectral parameters extracted from the original voice signal. Figure 2-26 
provides an analytical description of voice biometry from the production model point of 
view, and also provides a graphical interpretation of the different cores that will be 
presented: glottal, vocal tract and whole voice cores. 
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Figure 2-26 Analytic description of voice biometry from the production model in terms 
of vocal (mainly message dependent) and glottal (mainly biometric) characteristics 

2.4.1 Feature extraction 

2.4.1.1 Voice signal feature extraction 

A wide variety of parameters has been investigated for its application in automatic 
speaker recognition, based on both frequency and time domain analysis. Many of these 
parameters are related to some property of the short-time power spectrum, as it has been 
shown to be very effective in this area because the spectrum reflects somehow the 
speaker’s vocal tract structure. The short-time spectrum provides a complete although 
not compact description of the acoustical characteristics of speech, being a three-
dimensional representation with the coordinates being time, frequency and energy. 
Among the different parameters proposed, the so-called mel-frequency cepstral 
coefficients (MFCCs) [Davis,1980] introduced in early 1980s for speech recognition 
and then adopted in speaker recognition seem to be difficult to beat in practice. In this 
study, MFCCs have been used as the state-of-the-art speaker specific features. In what 
follows a brief description on the steps involved in the MFCC computation will be 
performed. Figure 2-27 provides a block diagram representation of MFCC 
parameterisation. 

The speech signal continuously changes due to articulatory movements, i.e. the 
temporal variation of the vocal tract shape during the utterance. This temporal variation, 
due to vocal tract characteristics, is relatively slow; therefore the speech signal is 
assumed to remain stationary in short periods of time. In other words, the speech signal 
can be regarded as having nearly constant characteristics in short periods such as those 
20-40 ms in length [Furui,2000]. Once the signal is broken down in short frames, a 
spectral feature is extracted from each frame. 
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Figure 2-27 Block diagram representation of the MFCC parameterisation 
Prior to the frame decomposition, a pre-emphasis high-pass filter with transfer function: 

𝐻𝑝𝑟𝑒(𝑧) = 1 + 𝑎𝑝𝑟𝑒𝑧−1 Eq. (2-54) 

is usually applied, where a typical range of values for apre is [-0.98, -0.95]. 

The usefulness of this filter admits two different explanations. First, it serves to offset 
the negative spectral attenuation of the voiced sections of speech due to physiological 
characteristics of speech production, thereby improving the analysis efficiency. 
Alternatively, the pre-emphasis filter amplifies the spectrum region above 1kHz (area 
which is more sensitive in auditory processing), thus assisting the spectral analysis 
algorithm, in modelling the most perceptually important aspects of speech spectrum 
[Picone,1993]. However this pre-emphasis filter is not always applied and no definite 
answer on the usefulness of it has been found but empirical experimentation. 
No matter whether a pre-emphasis filter has been applied, the next step consists in 
multiplying each frame by a smooth window function. The window function is needed 
because of the finite-length effects of the discrete Fourier transform (DFT). Different 
window functions have been proposed including the rectangular, Hamming, Hanning, 
Blackman, etc.; however, in practice, the choice of the window function is not critical 
(refer to [Harris,1978] for further analysis on window functions). Usually, the window 
function most used in speaker recognition is the Hamming window (a specific case of 
the Hanning window), as it helps to produce a smooth estimate of power through 
regions where power changes rapidly. A generalised Hanning window can be 
characterised as: 

𝑤(𝑛) = �
𝛼𝑤 − (1 − 𝛼𝑤) cos �2𝜋𝑛

𝑁𝑓
− 1�

𝛽𝑤
0;𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

� ; 0 ≤ 𝑛 ≤ 𝑁𝑓 Eq. (2-55) 

where Nf, is the window length and αw is defined as a window constant in the range of 
[0,1]. In the specific case of implementing a Hamming window, αw=0.54. βw is a 
normalisation constant defined as: 

𝛽𝑤 = � 1
𝑁𝑠

� 𝑤2(𝑛)
𝑁𝑠−1

𝑛=0

 Eq. (2-56) 

From the windowed frame, the well-known Fast-Fourier Transform (FFT) – a fast 
implementation of the DFT – is applied in order to decompose the signal into its 
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frequency components. A deep review of the DFT theory is beyond the scope of this 
study; however the interested reader can find the definition and their properties in 
[Cooley,1969] where the FFT is also described. From a practical point of view, we can 
define the DFT of a finite sequence s[n] / n=0,...,N-1 as the sequence S[f] / f=0,...,N-1, 
such that: 

𝑆[𝑓] =
1
𝑁� 𝑠[𝑛]𝑒−𝑗�

2𝜋𝑛𝑓
𝑁 �

𝑁−1

𝑛=0

 Eq. (2-57) 

The corresponding inverse transform can be defined as: 

𝑠[𝑛] = �𝑆[𝑓]𝑒𝑗�
2𝜋𝑛𝑓
𝑁 �

𝑁−1

𝑓=0

 Eq. (2-58) 

As already said, the FFT can also be used as a computationally efficient method, under 
the constraint that the spectrum is to be evaluated at a discrete set of frequencies 
multiple of fs/N (where fs denotes the signal sampling frequency), to compute the 
spectrum of a signal [Cooley,1965]. Although different variants exist, probably the 
simplest FFT algorithm is the known as decimation in time. The main idea behind this 
algorithm is the fact that a DFT of an N-point sequence can be rewritten in terms of two 
N/2-points DFT. In this way, if N is a power of two, then it is possible to apply the 
following decomposition until we reach a single-point DFT. 

The decomposition consists in splitting Eq. (2-57), where the normalisation factor has 
been omitted for practical reasons, into two terms, one with even indices and the other 
one with odd indices, yielding to the following expression: 

𝑆[𝑓] = � 𝑠[2𝑛]𝑒−
𝑗2𝜋(2𝑛)𝑓

𝑁

𝑁
2� −1

𝑛=0

+ � 𝑠[2𝑛 + 1]𝑒−
𝑗2𝜋(2𝑛+1)𝑓

𝑁

𝑁
2� −1

𝑛=0

 Eq. (2-59) 

Using the fact that: 𝑒
𝑗2𝜋2
𝑁 = 𝑒

𝑗2𝜋
�𝑁 2� �, then we can rewrite the previous equation as: 

𝑆[𝑓] = � 𝑠[2𝑛]𝑒
−𝑗2𝜋𝑛𝑓
�𝑁 2� �

𝑁
2� −1

𝑛=0

+ 𝑒−
𝑗2𝜋𝑓
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−𝑗2𝜋𝑛𝑓
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𝑁
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= 𝑆11[𝑓] + 𝑒−
𝑗2𝜋𝑓
𝑁 𝑆12[𝑓] 

Eq. (2-60) 

where S11[f] and S12[f] are the N/2-point DFT of the even and odd terms of s, 
respectively. 
Usually only the magnitude of the spectrum is retained, based on the facts that the phase 
has little perceptual information, and additionally because the global shape of the 
magnitude spectrum (known as spectral envelope) contains information about the 
resonance properties of the vocal tract which have excelled as one of the parts of the 
spectrum that provides more information in speaker recognition. Figure 2-28 provides a 
representation of both the FFT magnitude spectrum and the spectral envelope. The FFT 
spectrogram is composed mainly by horizontal bands of energy spaced by a common 
interval in frequency, which is the fundamental frequency f0 or pitch. These are known 
as harmonics and convey information about the timbre of speech, which is ultimately 
related with the speaker’s identity as well as with prosody. 
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Figure 2-28 Extraction of spectral envelope using cepstral analysis (blue solid line) and 
linear prediction (green solid line) from the FFT spectrum with N=512 
A simple model of spectral envelope uses a set of band pass filters to do energy 
integration over neighbouring frequency bands. Probably one of the most popular filter 
banks used to smooth and get the envelope from the spectrum is the Mel-scale filter 
bank (see Figure 2-29 for an example of triangle shape Mel-scale filter bank). The Mel-
scale is an auditory scale motivated by psycho-acoustic studies, where the lower 
frequency range is represented with higher resolution by allocating more filters with 
narrow bandwidth. More specifically, the Mel frequency scale is linear up to 1000Hz 
and logarithmic thereafter. For the specific filter bank, a set of overlapping Mel filters 
are made such that their centre frequencies are equidistant on the Mel scale. 

 
Figure 2-29 Mel-scale filter bank with 24 triangle-shape filters 
Another reason for the smoothing of the spectrum is the reduction of the size of the 
spectral vectors. For instance, if we multiply the spectrum previously obtained by the 
FFT process and plotted in Figure 2-28, by the filter bank shown in Figure 2-29, we get 
the spectral envelope shown in Figure 2-30 (solid blue line). 
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Figure 2-30 Envelope spectrum using a 24-band Mel filter bank 
Next, we take the log of this spectral envelope and multiply each coefficient by 20 in 
order to obtain the spectral envelope in dB. Finally an additional transformation is 
needed in order to obtain the cepstral coefficients, which is known as inverse DFT. 
However, as the logarithmic spectrum is a symmetric real function, the DFT can be 
replaced by the Discrete Cosine Transform (DCT) which only operates on the real part 
of the FFT. The DCT can be characterised as: 

𝑀𝐹𝐶𝐶(𝑖) = �𝑚𝑗 cos�
𝜋𝑖
𝑃 �𝑗 −

1
2��

𝑃

𝑗=1

; 0 ≤ 𝑖 ≤ 𝐾 Eq. (2-61) 

where P is the number of filters used in the filter bank, K is the number of cepstrum 
coefficients and mj are the log-spectral coefficients. Only the first cepstral coefficients 
are used (typically K≤20). It should be noted that MFCC(0) in Eq. (2-61) represents the 
average value of the spectrum, or the root mean square (rms) value of the signal. As 
alternative measures of power are explicitly added to the final parameter vector, the 0th 
MFCC is usually discarded. 
Following this procedure, we finally obtain cepstral vectors for each analysis window. 
Once the cepstral coefficients have been computed, an additional processing step can be 
performed in order to remove the contribution of slowly varying convolutive noises 
form the cepstrum. This processing step, also known as cepstral mean subtraction 
(CMS) consists in subtracting the long-term average cepstral vector from each cepstral 
vector. An alternative processing method extensively used [Kinnunen,2009] is the 
RASTA (Relative Spectral) filtering [Hermansky,1994]. RASTA filtering which 
consists in applying a band-pass filter on the time series of each coefficient obtained 
from the spectral analysis, aims at reducing the distortions in the communication 
channel taking advantage of the fact that the rate of change of the short-term spectrum 
of non-linguistic components often lies outside the rate of change of the linguistic 
components. In other words, RASTA filtering suppresses the spectral components that 
vary more slowly or quickly than the typical range of change of speech. Regarding to 
CMS, which compares each analysis frame against the average of the whole utterance, 
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RASTA only uses a relatively short history of the signal to attenuate the low and high 
modulation frequencies. 

• LFCCs 
An interesting variation to the MFCC is the linear frequency cepstrum 
coefficients also known as LFCC. These parameters seem to be more robust 
when dealing with telephone signals [Charbuillet,2007]. The main difference 
respect to MFCC approach is the filter bank used in the spectral envelope 
extraction process. In this case, the filter bank used is a linear scale filter bank, 
instead of the Mel-scale filter bank, in which the set of filters that define the 
filter bank are uniformly spaced over the frequency range of the speech signal, 
and additionally share the same bandwidth. 

 
Figure 2-31 Linear scale filter bank for telephone channel voice processing 
Figure 2-31 shows an example of a typical linear scale filter bank for telephone 
speech signals in which frequencies below 250Hz and above 3600Hz are 
discarded. 

• On the use of dynamic information 
Through the use of short-time spectral features, we are not taking into account 
the relation between neighbour windows or in other words, how these cepstral 
vectors vary over time. Dynamic information which plays a major role in 
perception and cognition of human speech [Gómez,2010], has been also used to 
improve the performance of both speech and speaker recognition systems 
[Furui,1986], [Soong,1988]. Regarding the speaker recognition area (and 
especially when dealing with cepstral coefficients), dynamic information has 
been classically introduced by using delta-cepstrum (∆) and delta-delta cepstrum 
(∆∆). The delta-cepstrum and delta-delta-cepstrum are polynomial 
approximations of the first-order and second-order derivatives of the static 
cepstrum. From a practical point of view, they are computed as the time 
differences between neighbour vectors feature coefficients: 
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∆𝑀𝐹𝐶𝐶(𝑖) =
∑ 𝑘𝑀𝐹𝐶𝐶(𝑖 + 𝑘)𝑙
𝑘=−𝑙

∑ |𝑘|𝑙
𝑘=−𝑙

 Eq. (2-62) 

∆∆𝑀𝐹𝐶𝐶(𝑖) =
∑ 𝑘∆𝑀𝐹𝐶𝐶(𝑖 + 𝑘)𝑙
𝑘=−𝑙

∑ 𝑘2𝑙
𝑘=−𝑙

 Eq. (2-63) 

Additionally, the log energy and the ∆log energy can be also added as an 
additional feature. According to [Bimbot,2004], the former is often discarded 
while the latter is usually kept. 

However, since these dynamic features do not have quite optimal performance 
when used alone, they are typically appended to the static cepstral features. 

2.4.1.2 Vocal Tract feature extraction 

The main objective when selecting a set of parameters to model the vocal tract is that it 
can capture the specificities of the vocal tract shape, regarded as a concatenation of 
tubes (see Figure 2-14). From this point of view, and taking into account that the only 
information available is the speech waveform, the most widely features used to model 
the vocal tract are those derived from the short-time spectral analysis of voice. The 
short-time spectral analysis aims at capturing the spectral envelope and thus the set of 
resonances (also known as formants) whose locations depend upon the vocal tract 
shape. 
Since the source-tract separation algorithm not only provides a glottal residual but a 
trace almost free from the glottal influence and associated to the unit impulse response 
of the vocal tract, we will use this estimate to obtain the vocal-tract related features. 
Figure 2-32 depicts the vocal tract and glottal source estimates obtained from a female 
speech utterance of vowel /a/. 

 
Figure 2-32 Vocal tract (middle) and Glottal source (lower) estimates for a female 
vowel an utterance (upper) 

This vocal tract estimate is particularly relevant in the accurate estimation the formants 
(resonances) of the vocal tract, as it is almost free from the influence of the glottal 
dynamics in the vocal tract pattern, as oppose to whether this estimate was made on the 
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original speech signal. Figure 2-33 shows how the formants, F1 and F2 located at 
7000Hz and 1250Hz approximately, are clearly highlighted when the signal used is the 
vocal tract estimate.  

 
Figure 2-33 FFT Power Spectrum of the original voice signal (solid blue line) and 
transfer function of the Vocal tract estimate (red solid line) 
No matter whether the original speech signal or the vocal tract estimate are used to 
obtain the vocal tract related features, there are mainly two major approaches to this 
feature extraction problem: LP analysis and short-time Fourier transform (STFT). 
Depending on the selected approach, different types of features may be used to 
characterise the vocal tract. For instance, in the case of LP analysis, several derivations 
of the LP coefficients have been proposed: Reflection Coefficients (RC), Log Area 
Ratios (LAR) [Campbell,1997], [Pandey,2010], Line Spectral Pair Frequencies (LSP) 
[Kinnunen,2009], [Sahidullah,2010], etc. However the most prevalent parameters 
among them are the Linear Predictive Cepstral Coefficients (LPCC). In the case of the 
STFT approach, the prevalent features extracted are MFCC which can be extracted as 
described in the previous section (2.4.1.1). 

Although in the present study we are not going to use the LP approach to extract the 
vocal tract related features, it is worth making a brief presentation of the LPCC 
parameters (as they are the most extensively used) and of the LSP parameters (as they 
are reaching some popularity in the last years and often show better performance than 
LPCC while retaining exactly the same information). 

• LP Cepstral Coefficients: 
Figure 2-34 shows a block diagram representation of an LPC-based cepstral 
parameterisation. 

Digital Speech
Signal
S[n]

Pre-emphasis LPC
algorithm

Cepstral
TransformWindowing Cepstral

vectors  
Figure 2-34 Block-diagram representation of an LPCC extraction procedure 

The extraction procedure as depicted in Figure 2-34 reflects certain similarity 
with the MFCC extraction process. More specifically, the pre-emphasis and the 
windowing steps are common in both extraction processes so the same 
explanation applies to this case. The next step differs from the MFCC process. 
In this case, LP analysis is used to estimate a set of predictive coefficients also 
known as LP coefficients. In section 2.3.1 a review of different LP methods 
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have been already made. This set of predictive coefficients can be used as a 
parameter vector; however, in this case, the cepstral coefficients are extracted 
thorough the cepstral transform block to build the LPCC vectors. The Cepstral 
transform can be implemented using the following recursion, taken into account 
that the set of prediction coefficients estimated in the previous block are 
{a1,…,ap}, where p (which denotes the number of poles in the autoregressive 
filter) should be at least: 

𝑝 ≥
2 ∗ 𝑓𝑐 ∗ 𝑙

𝑐  Eq. (2-64) 

where fs is the sampling frequency, l is the vocal tract length (typically of 17cm. 
in adult men while in adult woman is 14cm), and c is the speed of sound (speed 
of sound in cm. at 37 ºC and 1 atm. is 35400 cm/s) 

𝐿𝑃𝐶𝐶0 = log(1) = 0 ; 

𝐿𝑃𝐶𝐶𝑖 = −𝑎𝑖 −��1−
𝑗
𝑖�𝑎𝑗𝐿𝑃𝐶𝐶𝑖−𝑗

𝑖−1

𝑗=1

; 1 ≤ 𝑖 ≤ 𝑁𝑐 
Eq. (2-65) 

Historically, LPCC0 has been defined as the log power of the LP error. 
However, we can consider the cepstral model as a normalised model in which 
LPCC0=0 [Picone,1993]. Regarding the number of cepstral coefficients, 
although an infinite number of cepstral coefficients can be computed, Nc is 
usually comparable to the number of LP coefficients: 0.75p ≤ Nc ≤ 1.25p. 

• LSP 
The LSP representation originally proposed by Itakura [Itakura,1975], is a 
frequently used LP parametric representation. Figure 2-35 provides a modular 
representation of an LSP-based representation 

Digital Speech
Signal
S[n]

Pre-emphasis LPC
algorithm

LSP Frequency
ComputationWindowing LSP coefficient

vectors
 

Figure 2-35 Block-diagram representation of an LSP Coefficients extraction 
procedure 

• The main difference compared to the LPCC extraction process lies in the last 
block which processes the LP coefficients to generate the LSP coefficients. We 
assume that the LP coefficients {ai; 1≤i≤p} which define a linear time invariant 
all-pole filter, H(z)=1/A(z) for a given frame are known; where p is the order of 
the A(z) filter, characterised by: 

𝐴(𝑧) = 1 + �𝑎𝑖𝑧−𝑖
𝑝

𝑖=1

 Eq. (2-66) 

The LSP frequencies are representation of the predictor coefficients of the A(z) 
filter. More precisely we can state that the LSP are the roots of the polynomials 
P(z) y Q(z) of order p+1, in which A(z) is decomposed: 
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𝐴(𝑧) =
𝑃(𝑧) + 𝑄(𝑧)

2  

𝑃(𝑧) = 𝐴(𝑧)− 𝑧−(𝑝+1)𝐴(𝑧−1) 

𝑄(𝑧) = 𝐴(𝑧) + 𝑧−(𝑝+1)𝐴(𝑧−1) 

Eq. (2-67) 

Since the (p+1)th reflection coefficient is either -1 or 1, the order of the filter 
A(z) is extended without introducing any new information. In theory, by 
applying this decomposition, P(z) represents the specific vocal tract 
configuration in which the glottis is completely closed, while Q(z) represents the 
situation in which the glottis is open.  
The polynomials P(z) and Q(z) present some relevant properties: 

o The roots of P(z) and Q(z) occurs in symmetrical pairs, that is why these 
parameters receive the Line Spectrum Pairs (LSP) name. 

o As A(z) is a minimum phase filter (with all its poles lying inside the unit 
circle in the z-plane), then in the presented decomposition all zeros of 
P(z) and Q(z) lie on the unit circle. The zeros of these polynomials can 
be represented only by their angles, as they lie on the unit circle. 

o Zeros of P(z) and Q(z) are interlaced with each other, i.e. the LSP are in 
ascending order. 

Figure 2-36 provides a graphical representation of the main properties of the 
LSP decomposition. 

 
Figure 2-36 Zeros of the LSP-process involved polynomials. White circles: 
original LP polynomial zeroes. Squares: P(z)’s zeroes. Filled circles: Q(z)’s 
zeroes  (Extracted from [Onshaunjit,2008]).  
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The conventional methods for computing the roots of the polynomials may be 
complex root, real root [Lee,2006], ratio filter, Chebyshev series [Kabal,1986], 
and adaptive sequential LMS (Least Mean Square).  
The LSF (Line Spectral Frequency) coefficients, as they are loosely related to 
the formant frequencies (more specifically, the vocal tract resonance frequencies 
fall between the two pairs of LSF frequencies), retain sufficient sensitive speaker 
dependent information. In the literature we can find several examples 
[Liu,1990], [Kim,2007], [Pandey,2010], [Sahidullah,2010] in which LSF 
parameters have been successfully applied to speaker recognition. 

2.4.1.3 Glottal source feature extraction 

As mentioned early, although glottal source contributes little to linguistic distinguishing 
of phonemes, it bears rich speaker specific information both in time and in frequency 
domain. This section provides a deep description of the different kind of features which 
can be extracted from the glottal source. Prior to the presentation of the different sets of 
features that can be extracted from the glottal source, it is convenient to introduce a new 
concept, the Power Spectral Density Profile (PSD profile), as it will be used to extract 
different parameters from the glottal source. 
2.4.1.3.1 Power Spectral Density Profile of the glottal source 

It refers to the envelope of the power spectral density of the glottal source. If sg(n) 
represents the glottal source, then its Discrete Fourier Transform will be defined as: 

𝑆𝑔(𝑚) = �𝑆𝑔(𝑛)𝑒𝑗𝑚Ω𝑛𝜏
𝑁−1

𝑛=0

 Eq. (2-68) 

where n represents the temporal index of the vector sg(n) inside a temporal window of N 
samples, 0 ≤ n ≤ N-1, taken every τ sec. The frequency index is given by the integer 
variable m, which corresponds to an impulse given by mΩ, with frequency resolution Ω. 

Ω =
𝑓𝑠

2𝑁 ;𝑓𝑠 =
1
𝜏 ; 0 ≤ 𝑚 ≤

𝑁
2 − 1 Eq. (2-69) 

where fs, represents the sampling frequency and j denotes the imaginary unit. Under 
these assumptions the power spectral density of the glottal source will be represented 
by: 

𝑇𝑔(𝑚) = �𝑆𝑔(𝑛)�
2
 Eq. (2-70) 

Figure 2-37 depicts the power spectral density of the glottal source. If we evaluate the 
power spectral density synchronously with a phonation cycle: 

𝑁𝑘−1 ≤ 𝑛 ≤ 𝑁𝑘 − 1 Eq. (2-71) 

where Nk represents the start of the closure on the kth phonation cycle inside a fragment 
of voice given in dB: 
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𝑇𝑔(𝑚)𝑑𝐵 = 20𝑙𝑜𝑔10�𝑆𝑔(𝑚)� Eq. (2-72) 

We will obtain an estimate of power spectral density harmonic envelope as depicted in 
Figure 2-11. 

 

 
Figure 2-37 Power spectral density of the glottal source evaluated over a temporal 
window which includes multiple glottal cycles. Upper – male voice. Lower – female 
voice. The relative maxima of the distribution are marked by the harmonics present in 
the signal. The interconnection of these maxima is known as Harmonic Envelope or 
Power Spectral Density Profile 

Once the PSD profile of the glottal source has been presented, we continue with the 
glottal source feature extraction process. 
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• Biometric features: 
The biometric parameters of the glottal source are composed of the values and 
positions in frequency domain of the singularities on the PSD profile in dB 
(PSDdB). The first four maxima peaks of the PSDdB will be characterised by 
the pairs {TMi, fMi}; 1 ≤ i ≤ 4: 

𝑇𝑀𝑖 = max
𝑚∈𝑊𝑖

�𝑇𝑔(𝑚)� Eq. (2-73) 

𝑓𝑀𝑖 =
𝑓𝑠

2𝑁𝑎𝑟𝑔 �max
𝑚∈𝑊𝑖

�𝑇𝑔(𝑚)�� Eq. (2-74) 

where Wi is the fragment of the spectrum over which the relative maximum is 
estimated. No normalisation is applied to the first maximum, what is more, it is 
used in the normalisation of the others maxima and minima, as τM1=0 and φM1=1. 
The equivalent normalised parameters of 2-4 maxima are: 

𝜏𝑀𝑖 = 𝑇𝑀𝑖 − 𝑇𝑀1 Eq. (2-75) 

𝜑𝑀𝑖 =
𝑓𝑀𝑖
𝑓𝑀1

 Eq. (2-76) 

Correspondingly, the first and second minima will be defined by the pairs {Tmi, 
fmi}; 1≤i≤2: 

𝑇𝑚𝑖 = min
𝑚∈𝑊𝑖

�𝑇𝑔(𝑚)� Eq. (2-77) 

𝑓𝑚𝑖 =
𝑓𝑠

2𝑁𝑎𝑟𝑔 �min
𝑚∈𝑊𝑖

�𝑇𝑔(𝑚)�� Eq. (2-78) 

where Wi is the fragment of the spectrum over which the relative minimum is 
estimated. 
The resulting list of biometric features that can be extracted from the glottal 
source is as follows: 

o pG1: Maximum value of the PSDdB 
o pG2: Value of the first minimum after the maximum related to this 

maximum in dB 
o pG3: Value of the second maximum of the PSDdB related to the first 

maximum. 
o pG4: Value of the second minimum of the PSDdB related to the first 

maximum. 
o PG5: Value of the third maximum of the PSDdB related to the first 

maximum. 
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o PG6: PSDdB value at the maximum Nyquist value related to the first 
maximum. 

o pG7: Position on the frequency axis of the first minimum after the first 
maximum related to the position of the maximum. 

o pG8: Position on the frequency axis of the second maximum related to the 
position of the first maximum. 

o pG9: Position on the frequency axis of the second minimum related to the 
position of the first maximum. 

o pG10: Position on the frequency axis of the third maximum related to the 
position of the first maximum. 

o pG11: Position on the frequency axis of the end to the Nyquist frequency 
related to the position of the first maximum. 

o pG12:Slenderness factor of the first “V” profile, which is characterised by 
the first maximum, the first minimum and the second maximum, and can 
be defined a: 

𝜎𝑚1 =
𝑓𝑀𝑚(2𝑇𝑚1−𝑇𝑀2−𝑇𝑀1)

2(𝑓𝑀2 − 𝑓𝑀1)  Eq. (2-79) 

o pG13:Slenderness factor of the second “V” profile, which is characterised 
by the third maximum, the second minimum and the fourth maximum, 
and can be defined a: 

𝜎𝑚2 =
𝑓𝑀𝑚(2𝑇𝑚2−𝑇𝑀3−𝑇𝑀4)

2(𝑓𝑀3 − 𝑓𝑀4)  Eq. (2-80) 

• Biomechanical features: 
The estimation of the biomechanical parameters of the vocal fold body is close 
related with the inversion of the integral-difference equations from the 1-mass 
model given by Eq. (2-2), through the synthesis of the equivalent elements from 
the PSD profile of the average acoustic wave (AAW) in a cycle-by-cycle 
evaluation basis. Figure 2-38 depicts a real case in which the decomposition of 
glottal source in its AAW component and the MWC (as described in Eq. (2-49) 
to Eq. (2-52)) is applied. An estimate of the three parameters involved in Eq. 
(2-2) can be obtained indirectly, just by performing an optimum fit of the PSD 
profile of the AAW by an equivalent electromechanical RLC (see Figure 2-39). 
From a practical point of view, the major difficulty when applying this process 
is the establishment of a robust and accurate practical method for profile fitting. 

Reliable estimates of the relative values of vocal fold body masses and tensions 
can be obtained from the PSD of the AAW, as it has been shown in 
[Gómez,2005-A]. The estimation process consists in performing an adaptive 
fitting of the AAW PSD against the transfer function of the 1-mass model. The 
work hypothesis is based on the assumption that the AAW is determined by the 
vocal fold dynamic component; therefore the envelope of the AAW PSD of the 
body dynamic component is directly related with the square modulus of the 
input admittance derived from the 1-mass model as: 
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𝑇𝑏(𝜔) = |𝑌𝑏|2 = �
𝑉𝑥(𝜔)
𝐹𝑥(𝜔)�

2

= [(𝜔𝑀𝑏 − 𝜔−1𝐾𝑏)2 + 𝑅𝑏2]−1 Eq. (2-81) 

where Mb, Kb and Rb are respectively the parameters associated with the lumped 
mass, elasticity and looses of the 1-mass model when only the body of the vocal 
fold is taken into account following the dimensionality reduction of the Story-
Titze’s model. Fx(ω) and Vx(ω) are the short-time estimates of the Fourier 
Transforms’ of the speed and force dynamic variables on the x-axis, 
respectively. 

 
Figure 2-38 AAW and MWC real case estimation: a) Levelled Glottal Source. 
b) Average Acoustic Wave also known as Average Glottal Source. c) Levelled 
Glottal Flow. d) Mucosal Wave Correlate 
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Figure 2-39 Approximation of the PSD profile of the AAW (solid line) through 
the transfer function of a second order electromechanical equivalent (RLC: 
dotted line). As it is shown, both curves match almost completely until -30dB. 

The Mbl,r, Kbl,r and Rbl,r parameters are estimate in the following way:  
o Mass parameter estimate: 

The robust estimation of the model parameters is based in the precise 
determination of two points in the PSD of the dynamic component, these 
being {Tb1, ω1} and {Tb2, ω2}. From these points the dynamic mass of 
the vocal fold body can be estimated as: 

𝑀𝑏 =
𝜔2

𝜔22 − 𝜔12
�
𝑇𝑏1 − 𝑇𝑏2
𝑇𝑏1𝑇𝑏2

 Eq. (2-82) 

The selection of the most adequate points for {Tb1, ω1} and {Tb2, ω2} is 
highly related with the robustness of the estimation procedure. A good 
candidate for {Tb1, ω1} is the position of the main peak (resonant peak or 
glottal formant) in the amplitude of the PSD of the AAW. The peak 
position is apparently easy to determine, but is contaminated by the 
sampling resolution in the frequency domain of the Short-Time Discrete 
Fourier Transform (STDFT). The use of the STDFT is required if a 
cycle-by-cycle study is to be performed. Increasing the duration of the 
analysis window to several cycles would increase the resolution, but at 
the cost of concealing the imbalances and temporal variability of the 
parameters. An alternative to this would consist in interpolating the 
STDFT by splines. 
A good candidate for {Tb2, ω2} is the position of the third harmonic from 
the peak position, as the time series shows odd symmetry. These points 
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have shown to be robust enough in the studied cases, although other 
strategies are also possible. 

o Elasticity parameter estimate: 

Once the body mass has been estimated, the elastic parameter (body 
stiffness) Kb, may be obtained from the precise determination of the 
position of the maximum (assuming this to be associated to the resonant 
peak) this being {Tr, ωr}, as: 

𝐾𝑏 = 𝑀𝑏𝜔𝑟2 Eq. (2-83) 

where Tr stands for the value of the square modulus of the input 
admittance in Eq. (2-81) at the frequency of resonance ωr associated to 
the first maximum in the glottal source PSD. 

o Loss parameter estimate: 

The parameter of body losses (which includes the non-conservative 
effects due to the viscosity of the fluids, to the turbulence of the air flow 
through the acoustic tube and to the inelastic collision of the folds) can 
be estimated (but for a scale factor Gb) as: 

𝑅𝑏 =
𝐺𝑏
�𝑇𝑟

 Eq. (2-84) 

The estimate of Gb is performed by normalising the glottal source 
correlate with respect to the maximum amplitude of the AAW over all 
cycles of phonation under analysis. The value of Gb is only relevant 
when the goal is to obtain absolute estimates of the parameters under 
analysis.  

o Biomechanical parameter unbalance estimate: 

So far we have considered that both vocal folds were completely 
symmetrical. However, this assumption does not stand in most of the 
cases, as clear deviations are found in parameter estimates between 
neighbour phonation cycles that can only be explained by an asymmetry 
in the vocal folds. This unbalance naturally occurs both in normophonic 
and in dysphonic voices, although it seems reasonable to think that the 
unbalance will be larger in cases where voice pathology is present. 
Moreover, it is generally accepted that the presence of unbalance, which 
is related in certain way with jitter and shimmer, is a correlate to vocal 
fold pathology. 

No matter whether the root of the unbalance is physiological, 
psychological or dynamic, it will leave a fingerprint on the 
biomechanical parameter estimates in a cycle-by-cycle evaluation. 
Unbalance between neighbour phonation cycles may be appreciated in 
Figure 2-38 where the dynamic variables represented tend to vary 
slightly. The estimations of mass, stiffness and losses are produced on a 
phonation cycle-frame basis, therefore the (intra-speaker) unbalance of 
these parameters (μb: Body Mass Unbalance; σb: Body Losses 
Unbalance; γb: Body Stiffness Unbalance) may be defined as: 
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𝜇𝑏𝑛 = �𝑀�𝑏𝑛 −𝑀�𝑏𝑛−1�
�𝑀�𝑏𝑛 + 𝑀�𝑏𝑛−1�
�  Eq. (2-85) 

𝜌𝑏𝑛 = �𝑅�𝑏𝑛 − 𝑅�𝑏𝑛−1�
�𝑅�𝑏𝑛 + 𝑅�𝑏𝑛−1�
�  Eq. (2-86) 

𝛾𝑏𝑛 = �𝐾�𝑏𝑛 − 𝐾�𝑏𝑛−1�
�𝐾�𝑏𝑛 + 𝐾�𝑏𝑛−1�
�  Eq. (2-87) 

where 1 ≤ n ≤ N, is the phonation cycle window index, while 𝑀�𝑏𝑛, 
𝑅�𝑏𝑛 and 𝐾�𝑏𝑛 are the nth cycle estimates of mass, losses and stiffness on a 
given voice sample (for a single specific subject). 

o Mucosal wave correlate biomechanical parameters: 

Similar derivations (for mass, elasticity and looses) may be defined for 
the biomechanical parameters of the vocal fold cover, using in this case 
the MWC. As long as the influence of the body dynamics has been 
removed implicitly on separating the AAW from the MWC, then the 
problem is reduced to a single mass model, thus easing the application of 
the same methodology. The biomechanical parameters of the MWC are 
estimated by approximating the PSD of the MWC to the transfer function 
of an RLC circuit whose elements are in this case Mcl,r, Kcl,r and Rcl,r  

The resulting list of biomechanical features extracted from the glottal source and 
the mucosal wave correlate is as follows: 

o pG14: Equivalent dynamic mass of the left (l) / right (r) vocal fold’s body, 
according to Figure 2-9. (pG14 = Mbl = Mbr). 

o pG15: Parameter related to the losses due to frictions, viscosity and 
inelastic behaviour of the vocal fold’s body, according to Figure 2-9. 
(pG15 = Rbl = Rbr). 

o pG16: Equivalent elastic parameter of the left (l) / right (r) vocal fold’s 
body, according to Figure 2-9 (pG16 = Kbl = Kbr). 

o pG17: Body mass unbalance parameter (pG17 = µbl = µbr). 

o pG18: Body losses unbalance parameter (pG18 = ρbl = ρbr). 

o pG19: Body stiffness unbalance parameter (pG19 = γbl = γbr). 

o pG20: Equivalent dynamic mass of the left (l) / right (r) vocal fold’s 
cover, according to Figure 2-9. (pG20 = Mcl = Mcr). 

o pG21: Parameter related to the losses due to frictions, viscosity and 
inelastic behaviour of the vocal fold’s cover, according to Figure 2-9. 
(pG21 = Rcl = Rcr). 

o pG22: Equivalent elastic parameter of the left (l) / right (r) vocal fold’s 
cover, according to Figure 2-9 (pG22 = Kcl = Kcr). 

o pG23: Cover mass unbalance parameter (pG23 = µbl = µbr). 

o pG24: Cover losses unbalance parameter (pG24 = ρbl = ρbr). 

 143 



SPEECH PRODUCTION AND BIOMETRIC CHARACTERISATION OF VOICE 

o pG25: Cover stiffness unbalance parameter (pG25 = γbl = γbr). 
NOTE: According to Figure 2-9, Kbcl,r stands for the equivalent elasticity 
parameter between the vocal fold’s cover and body (l→ left vocal fold and 
r→right vocal fold). However this elasticity parameter is not usually used as a 
biomechanical parameter. Instead, if we consider the vocal folds to be 
completely symmetric, then it will be sufficient to estimate the parameters 
described above (i.e., mass, loss and elasticity for both cover and body and its 
related unbalances). 

• Temporal parameterisation over a phonation cycle. 

The temporal parameterisation is based on three signals extracted from the 
glottal source (as described in section 2.3.2): the average acoustic wave (AAW – 
sg (n)), the mucosal wave correlate (MWC – sc(n)) and its derivative (sd(n)). This 
last signal defined as: 

𝑠𝑑𝑘(𝑛) =
𝑠𝑐𝑘(𝑛)− 𝑠𝑐𝑘(𝑛 − 1)

𝜏  Eq. (2-88) 

where k is the phonation cycle index under study. 
The estimation is performed for each phonation cycle, and synchronous with its 
start and end, defined from minimum to minimum of the glottal source (clipping 
point or MFDR: Minimum Flow Declination Rate) as depicted in the lower 
representations of Figure 2-24 and Figure 2-25. Figure 2-7 provides a 
representation of the signals referenced above as well as classical points of 
reference: 

o Glottal closure instant: This is the point at which the glottal source 
reaches its minimum value in the form of a negative sharp peak (MFDR, 
point 7 at Figure 2-5). This peak has its origin in the depression produced 
in the supraglottic area by the abrupt interruption of flow, while the 
column of air in the vocal tract follows its outgoing movement thanks to 
its inertial behaviour. It is taken as the origin of the glottal source cycle, 
t=0. 

o Recovery instant: t=Tr → Corresponds to the point in which the partial 
reversal of the air column in the vocal tract sets back the supraglottic 
pressure to reference or atmospheric pressure. It is located between 
points 8 and 9 at Figure 2-5. 

o Start opening instant: t=To → It is the point at which the vocal folds open 
again. It corresponds to point 3 at Figure 2-5.  

o Start closure instant: t=Tcl → Point at which the maximum flow is 
reached, if we manage to remove the influence of the vocal tract, the 
aperture between folds begins to decrease (points 4 and 5 at Figure 2-5.)  

o Final glottal cycle instant: t=Tc → At this point the minimum supraglottic 
pressure is reached; therefore it denotes the beginning of a new cycle. 

However, the set of parameters that can be used and depicted, for a specific 
phonation cycle, in the upper representations of Figure 2-24 and Figure 2-25 are: 
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o t=Td0 → Instant at which the MWC derivative reaches its maximum in 
quadrant A. 

𝑇𝑑0 = 𝑎𝑟𝑔 � max
0≤𝑛≤𝑛0

{𝑠𝑑𝑘(𝑛)}� Eq. (2-89) 

o t=Tmwc1→ Instant at which the MWC reaches its maximum in quadrant 
A. 

𝑇𝑚𝑤𝑐1 = 𝑎𝑟𝑔 � max
0≤𝑛≤𝑛0

{𝑠𝑐𝑘(𝑛)}� Eq. (2-90) 

o t=Td1=tC→ Instant at which the MWC derivative reaches its minimum in 
quadrant A. 

𝑇𝑑1 = 𝑎𝑟𝑔 � min
0≤𝑛≤𝑛0

{𝑠𝑑𝑘(𝑛)}� Eq. (2-91) 

o sgB→ Maximum value of the glottal source ug(n) in quadrant B. 

o TmaxB → Instant at which the glottal source reaches its maximum in 
quadrant B. 

𝑇𝑚𝑎𝑥𝐵 = 𝑎𝑟𝑔 � max
0≤𝑛≤𝑛0

�𝑢𝑔𝑘(𝑛)�� Eq. (2-92) 

o t=Tmwc2→ Instant at which the MWC reaches its minimum. 

𝑇𝑚𝑤𝑐2 = 𝑎𝑟𝑔 � min
0≤𝑛≤𝑁𝑘

{𝑠𝑐𝑘(𝑛)}� Eq. (2-93) 

o t=Td2=tO→ Instant of zero crossing of the MWC derivative previous to 
d3, which divides the phonation cycle in four quadrants: A, B, C, D (both 
in time and value). B and C are the quadrants above the O value, before 
and after instant O respectively; while A, and D are the quadrants below 
the O value, before and after instant O respectively. 

o t=Td3 → Instant at which the MWC derivative reaches its maximum in 
quadrant D. 

o sgC → Maximum value of the glottal source ug(n) in quadrant C. 

o TmaxC→ Instant at which the glottal source reaches its maximum in 
quadrant C. 

𝑇𝑚𝑎𝑥𝐶 = 𝑎𝑟𝑔 � max
𝑛0≤𝑛≤𝑁𝑘

�𝑢𝑔𝑘(𝑛)�� Eq. (2-94) 

o t=TsC → Instant at which the glottal source falls below the O value in 
quadrant C. 
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𝑇𝑠𝐶 = min
0≤𝑛≤𝑁𝑘

�𝑎𝑟𝑔�𝑢𝑔𝑘(𝑛) < 𝑢𝑔0�� Eq. (2-95) 

o t=Tmwc3 → Instant at which the MWC reaches its maximum in quadrant 
D. 

𝑇𝑚𝑤𝑐3 = 𝑎𝑟𝑔 � max
𝑛0≤𝑛≤𝑁𝑘

{𝑠𝑐𝑘(𝑛)}� Eq. (2-96) 

o EA → Aperture or injection efficiency. This parameter estimates the 
average flow in the glottal aperture phase (from T0 to Tcl) 

𝐸𝐴 = (𝑇𝑚𝑤𝑐2 − 𝑇𝑚𝑤𝑐1)𝑎𝑟𝑔 � max
0≤𝑛≤𝑛0

�𝑢𝑔𝑘(𝑛)�� Eq. (2-97) 

o DC → Closure or escape deficiency. This parameter estimates the 
average flow in the glottal closure phase (from Tr to T0). 

𝐷𝐶 = (𝑇𝑚𝑤𝑐3 − 𝑇𝑚𝑤𝑐2)𝑎𝑟𝑔 � max
𝑛0≤𝑛≤𝑁𝑘

�𝑢𝑔𝑘(𝑛)�� Eq. (2-98) 

The resulting list of temporal parameters extracted over a phonation cycle is as 
follows: 

o 𝑝𝐺26 = 𝑇𝑚𝑤𝑐2
𝑇𝑐

 

o 𝑝𝐺27 = 𝑇𝑠𝐶
𝑇𝑐

 

o 𝑝𝐺28 = 𝑇𝑑1
𝑇𝑐

 

o 𝑝𝐺29 = 𝑇𝑚𝑤𝑐1
𝑇𝑐

 

o 𝑝𝐺30 = 𝑇𝑚𝑤𝑐3
𝑇𝑐

 

o 𝑝𝐺31 = 𝑇𝑑0
𝑇𝑐

 

o 𝑝𝐺32 = 𝑇𝑚𝑎𝑥𝐵
𝑇𝑐

 

o 𝑝𝐺33 = 𝑇𝑑3
𝑇𝑐

 

o 𝑝𝐺34 = 𝑇𝑚𝑎𝑥𝐶
𝑇𝑐

 

o 𝑝𝐺35 = 𝐸𝐴 

o 𝑝𝐺36 = 𝐷𝐶 

o 𝑝𝐺37 = 𝐸𝐴 − 𝐷𝐶 

• Spectral parameterisation of the glottal source. 
Besides the set of parameters already presented, an alternative set of parameters 
which aims to capturing the frequency-domain characteristics of the glottal 
source are the Mel-frequency cepstral coefficients (or alternatively LFCCs). The 
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estimation of these MFCC/LFCC parameters follows the same processing steps 
as the ones already presented in 2.4.1.1, except that in this case the input signal 
is no longer the speech signal, but the glottal residual obtained in the source-
tract separation process.  
The main goal in using this set of features for speaker characterisation is the fact 
that it can be easily integrated into what we have called state-of-the-art speaker 
recognition system, i.e. UBM-GMM based speaker recognition system whose 
feature parameters are MFCC extracted from the voice signal. Additionally, by 
using the same system but changing the set of features that characterise each 
speaker, a comparison in terms of recognition accuracy can be performed, thus 
leading to a better understanding of the discriminative power of the glottal 
source. Last but not least, temporal, biomechanical and biometric parameters 
will be subject to greater distortion if a good estimation of the AAW is not 
reached, what is more likely to happen under no-supervised processing. Thus the 
spectral based coefficients may show a better performance under non-supervised 
conditions. 

2.5 ALTERNATIVE PARAMETERISATIONS 
Although not used in early experiments in speaker recognition, in the course of time 
many researchers have adopted glottal information to improve recognition rates. 
However, none of them have previously used, neither the specific algorithm described 
here for source-tract separation nor the set of features precisely describe for the glottal 
source characterisation. Moreover, based on literature, it has not been until more 
recently when the fusion of these complementary features has been applied in order to 
improve accuracy.  

In section 2.3.3 a review of alternative source-tract separation algorithms have already 
been made. Therefore in this section we will review different parameterisation 
approaches used to characterise a speaker making use of glottal source information. 
The first approaches that make use of glottal information propose the use parametric 
glottal flow model parameters. [Brookes,1994] proposed a modification of the LF 
model which includes an additional parameter that controls the skewness of the positive 
portion of the first difference of the glottal airflow waveform. From this model, four 
dimensionless parameters are extracted: the ratio of the peak rise and fall slopes of 
glottal airflow waveform, the fraction of the cycle corresponding to the open phase, the 
ratio of fall to rise time, and the vocal fold closure time as a fraction of the cycle. This 
set of features is supplemented with the frequencies and bandwidths of the first two 
formants, the pitch and the speech energy. Although the experiments were conducted 
using a limited set of speakers (10 – 5 male and 5 female) and therefore difficult to 
compare with other studies, they report certain improvement in recognition rates when 
the four glottal waveform parameters are used. [Plumpe,1999] presented a more 
comprehensive analysis of different types of glottal source based parameters using 
TIMIT and NTIMIT database. In this case the glottal flow has been parameterised both 
using a parametric approach and MFCC approach. In the parametric approach, twelve 
different parameters have been proposed and combined to improve the accuracy of the 
recognition system. Seven of these parameters are based on the LF coarse structure 
model, while the other five refer to the energy computed over 5 different within 
phonation cycle intervals: 

• The time of glottal opening (To) 
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• The time of the maximum negative value of the glottal pulse (Te) 

• The time of glottal closure (Tc) 

• An exponential time constant which determines how quickly the flow derivative 
returns to zero after time, Te(β) 

• The value of the flow derivative at time Te (Ee). 

• Factor that determines the ratio of Ee to the peak height of the positive portion of 
the glottal flow derivative. 

• Frequency that determines flow derivative curvature to the left of the glottal 
pulse. 

• 5 Energy measures evaluated over the following intervals: 
o Closed phase for the LF model 

o Open phase for the LF model 
o Return phase for the LF model 

o Closed phase for formant modulation 
o Open phase for formant modulation 

In the case of cepstrum approach, 23MFCC have been computed from the glottal flow 
derivative waveform and from the waveform synthesised using the LF modelled glottal 
flow derivative. This set of features has been tested both alone and combined with LPC 
coefficients derived from the voice signal. When used alone, the results show that the 
set of features based on glottal information show some discriminative ability, whereas 
when used in conjunction with LPC coefficients, the recognition rates are again 
improved in the order of 5% on EER. 

An interesting review on different parameterisation methods both on time and in 
frequency-domain, which have been applied to the estimated glottal flow or its 
derivative obtained by inverse filtering, can be found in [Alku,2003]. 
[Arroabarren,2003] also present a comparative study between two different glottal 
source parameterisation methods in time and frequency domain: Normalised Amplitude 
Quotient (NAQ) and Parabolic Spectral Parameter (PSP). More recently, different 
parameterisation techniques have been applied to the glottal source, ranging from 
residual phase of the glottal source, through wavelet analysis, cepstral parameters or 
even higher-order statistics. 
In [Murty,2006] the MFCC extracted from voiced segments of the speech signal are 
combined with residual phase information, defined as the cosine of the phase function 
of the analytic signal derived from the LP residual of the speech signal, and extracted 
around glottal closure instants. These features are used to train two-different auto-
associative neural networks (one for the MFCC and another for the residual phase) 
whose scores are linearly weight-combined. The experiments conducted on the NIST-
2003 database show a significant improvement regarding recognition rates respect to 
MFCC features alone. However, the results are gender-bias as only male speakers were 
used in the verification studies. 

Source Cepstral parameters have been also used by [Gudnason,2008] and 
[Kinnunen,2009] using two different approaches. The first computed three different sets 
of parameters from the voice signal: MFCC derived from the magnitude spectrum of 
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speech, the vocal-tract cepstrum coefficients which are computed by applying the DCT 
to the logarithm of the Mel-filtered Spectral envelope of the AR model of the vocal 
tract, and the voice source cepstrum coefficients that are computed by subtracting the 
VTCC from the MFCC extracted from the same frame. The set of features where tested 
on the TIMIT and YOHO databases using a GMM classifier. Clearly in this approach 
no glottal source reconstruction was carried out. On the other hand, [Kinnunen,2009] 
differ from previous works in the fact that source-tract separation has been carried out 
using IAIF algorithm. Once the source and the vocal tract estimates have been 
computed, a feature vector consisting of MFCC plus ∆ and ∆∆ extracted from the 
speech frames, MFCC extracted from the voice source and LSF parameters extracted 
from the vocal tract filter were used on a GMM-UBM speaker recognition system. 
Moreover the reported results were obtained using the NIST 2006 database which 
contains telephone recordings. 
Wavelet analysis has also been proposed to characterise voice source. [Zheng,2007] 
proposed the use of what they called WOCOR coefficients (Wavelet Octave 
Coefficients of Residues). A confidence measure is proposed to improve the score-level 
fusion of two classification systems, one base on classical MFCC parameters and the 
other one based on this WOCOR coefficients that have been extracted by applying a 
pitch-synchronous wavelet transform to the LP residual signal. Finally, 
[Chetouani,2009] proposed three different parameterisation techniques to model the LP 
residual. Two of them were based on second (application of traditional LPC analysis to 
the LP residual) or higher order statistics and the other one based on the extraction of 
frequency information from the LP-residual. However, the best recognition rates were 
achieved when LPCC and Power difference of spectra in sub-band from the LP-residual 
were combined, i.e. when the frequency information from the LP-residual was used. 
The main conclusion that can be extracted from all of these previous works is that 
glottal source information presents some discriminative capabilities that are not enough, 
when processed alone, to outperform the recognition rates of classical parameters. 
However, it provides additional and uncorrelated information which combined with 
classical parameters show an improvement in recognition rates. 

2.6 GLOTTAL SOURCE ALTERNATIVE APPLICATION 
Speech Processing Technologies are designed to provide not only information about the 
message convey in a specific utterance, but also to extract what Nickel in a recent 
review [Nickel,2006] defines as “contextual side” information. This concept includes 
meta-information present on the speaker’s voice, such as the identity of the speaker (as 
we have already presented), but also the speaker’s age, emotional state, voice conditions 
(healthy or pathological), language and dialect issues, function of prosody and 
intonation in the message, etc.  
Among all these meta-informations, glottal source has proven its value, for instance, in 
pathology detection, gender and age characterisation. Although classical gender 
classification methods are based on pitch or formants [Abdulla,2001], 
[Whiteside,2001]; [Price,1989] proved that voice source of female and male voices 
present different characteristics both in time and frequency domain. More recently 
[Muñoz,2010] have also shown that MFCC extracted from glottal source estimates also 
provide high accuracy in determining the speaker’s gender.  

Of greater interest, not only for professionals depending strongly on the use of their 
voice, but also for the general population due to the increase in the number of diseases 
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related with certain habits, as smoking, is the detection of certain pathologies in the 
voice. Although voice pathology detection has been based traditionally in visual 
inspection, in the last two decades, non-invasive methods are achieving greater interest. 
It is in this scenario in which the use of the glottal source has begun to prove its value. 
Good examples of this interest can be found for instance in [de Oliveira Rosa,2000], 
[Parsa,2000] or more recently in the works of the GIAPSI research group 
[Gómez,2009], [Gómez,2005-B], [Gómez,2007-B]. 
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3 CLASSIFICATION METHODS 
As previously said, speaker modelling refers to the process of building a specific 
representation of the speaker based on specific features extracted from the voice signal. 
Once a model is obtained for each speaker represented in the system, the classification 
step consists in evaluating the membership of a new utterance to a specific speaker. 
Class modelling and classification are critical issues when building a speaker 
recognition system, since the same set of parameters can lead to different classification 
results depending on the modelling method and classification used. This chapter 
provides a description of some of the most popular/classical methods used in text-
independent speaker recognition. When available, open-source toolkits which 
implement these methods will be also presented. 

3.1 VECTOR QUANTISATION 
Vector Quantisation (VQ) [Gray,1984] is one of the simplest text-independent speaker’s 
modelling technique. Close related with clustering, its roots are originally in the domain 
of data compression. In the specific case of speaker models, this technique provides a 
method not only to compress the extracted information during the feature extraction 
process, but a way to reduce the dispersion of the data.  
In the training phase, a reference set or codebook is defined for each speaker (S) from 
the train feature vectors extracted from the voice signal. In the test phase, the average 
quantisation distortion is evaluated between the test utterance feature vectors, 
T={t1,...,tM}, and the codebook, CS={c1,...,cK}. As far as a smaller value of the average 
quantisation distortion denotes higher likelihood for T and C originating from the same 
person, the smallest value achieved provides the target speaker. The average 
quantisation distortion can be defined as: 

𝐷𝑄(𝑇,𝐶𝑠) =
1
𝑀 � min

1≤𝑘≤𝐾
𝑑(𝑡𝑚 , 𝑐𝑘)

𝑀

𝑚=1

 Eq. (3-1) 

where d(·,·) is a distance or distortion measure, for example, Euclidean or Mahalanobis 
distance. 

In theory, it is possible to use the whole set of training vectors for a given speaker as the 
reference set. However, for computational reasons, the number of training vectors is 
reduced in order to get a codebook using a vector quantiser. 

A vector quantiser Q, can be defined as a mapping Q:Rp→C. Which means that the p-
dimensional vectors in Rp, are mapped into a finite set C of p-dimensional vectors, 
which is called reproduction set or codebook. Each code vector ck represents a specific 
region, k, of the vector space. The number of vectors in the codebook, K, is known as 
the codebook size. The optimisation of the codebook size is an important issue in VQ. 
An additional problem that we have to face when building a vector quantiser is the 
selection of the code vectors. The objective in this case is reducing the distortion to the 
minimum. The usual approach is to minimise the overall average distortion: 

𝐷(𝑄) = �𝐷𝑘(𝑄)
𝐾

𝑘=1

 Eq. (3-2) 
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where Dk=f(d(·,·)) is known as the average quantisation error for region k, and is 
function of the distance or distortion measure previously cited. 
There are two different conditions that a given quantiser must fulfil to be optimal 
[Gersho,1992]. The first condition also known as nearest neighbour condition states that 
the quantifier, Q, must map any input vector to its closest code vector, c: 

𝑄(𝑥) = 𝑐𝑗 ,𝑜𝑛𝑙𝑦 𝑖𝑓 𝑑�𝑥, 𝑐𝑗� ≤ 𝑑(𝑥, 𝑐𝑘),𝑘 = 1, … ,𝐾, 𝑗 ≠ 𝑘 Eq. (3-3) 

The second condition also known as centroid condition specifies how the code vector is 
selected given a set of regions. The code vector, c, for a specific region, k, is evaluated 
to minimise the average quantisation error in region k.  

𝐷𝑘(𝑄) = min
𝑐
�𝑓�𝑑(𝑥, 𝑐)�|𝑥 ∈ 𝑅𝑘� Eq. (3-4) 

Different algorithms have been proposed to compute the code vectors. An easy 
approach to compute the code vectors is to establish an initial estimate of them among 
the input vectors and then iteratively apply the nearest neighbour condition and the 
centroid condition until a termination criterion is satisfied (for instance, when no 
difference is obtained between consecutive iterations). This algorithm is also known as 
Lloyd’s algorithm [Lloyd,1982]. QccPack [Fowler,2000], an open-source package 
available on-line (URL: QccPack), provides an implementation of the Generalised 
Lloyd Algorithm for VQ-codebook design. 
In the specific case in which the squared Euclidean distance is used as distortion 
measure, the centroid condition becomes: 

𝑐𝑘 =
1
𝑀𝑘

� 𝑥
𝑥∈𝑅𝑘

 Eq. (3-5) 

where Mk is the number of vectors in the region k, and ck is merely the average of the 
training vectors in the selected region. Under these circumstances, the described 
algorithm is known as LBG (Linde-Buzo-Gray) [Linde,1980] and was presented under 
the assumption that either the probabilistic model of the input data is known or a long 
training sequence of data is available. In [Soong,1985], this algorithm was tested for 
text-dependent speaker recognition under different conditions of codebook size and 
session variability.  

Other methods have been proposed. For example, LVQ (Learning Vector Quantisation) 
is a supervised neural network algorithm aimed to determine the set of vectors that best 
represent each of the predefined classes in which the original data is classified. A 
public-domain software package [Kohonen,1996] (URL: LVQ_PAK) is available on-
line to demonstrate the implementation of this algorithm and to ease experiments. 
Fuzzy approaches have been also successfully tested especially when applied to reduce 
the dependence of the resulting codebook on the selection of the initial codebook. 
Although applied to image compression, a review of different Fuzzy Vector 
Quantisation algorithms can be found in [Karayiannis,1995]. 
The main advantage of VQ is that the regions or classes obtained in the process do not 
follow a specific distribution or probability density function. Moreover, each cluster can 
represent an acoustical class without any kind of labelling. Additionally, vector 
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quantisation can provide competitive accuracy when combined with background model 
adaptation as described for instance in [Kinnunen,2009]. 
A deeper review of these algorithms along with pseudo-code implementation can be 
found in [Gersho,1992], [Friedman,1999], [Theodoridis,2006]. 

3.2 HIDDEN MARKOV MODELS 
Since they were presented in the mid-60s by Baum and his colleagues [Baum,1972],  
[Baum,1970], [Baum,1968], [Baum,1966-A], [Baum,1966-B] Hidden Markov Models 
(HMMs) have been one of the most used techniques both for speech and speaker 
recognition. Although extensively used for text-dependent speaker recognition 
applications, it also has been successfully applied to text-independent applications.  

In standard Markov models, each state corresponds to a deterministic observable event, 
for instance to a phonetic category. In order to overcome the limitations of Markov 
models, they can be extended to HMMs, in the sense that we include the case in which 
the observable event is a probabilistic function of the state. Therefore the HMM is a 
doubly embedded stochastic process where the underlying stochastic process is hidden 
(not directly observable), but can only be observed through another set of stochastic 
processes that produce the sequence of observations [Rabiner,1989]. 
From this point of view, HMMs can be regarded as a stochastic model that can 
efficiently model temporal sequences of events. Actually, when applied to speech 
signals, the statistical variations in the speech signal parameters over time can be 
represented by stochastic Markovian transitions between states. In other words, HMMs 
model the feature space (using a set of states) of a specific speaker and the sequence 
(using transitions between states) in which the speaker is more likely to generate the 
specific feature vectors.  

As an HMM is an extension of Markov models, a brief introduction to Markov models 
will be carried out before delving into HMMs. 

• First-order discrete-time Markov model. 
Consider a system defined by a set of N distinct states, S={S1,…,SN}, which is 
in a certain state at any time, and with the system changing to another state (or 
remaining in the same state) at regularly spaced discrete times, t={1,2,…,T}. In 
a first-order discrete-time Markov model, at any time t, the system is in a 
particular state that we denote as qt. Moreover, the Markov property states that 
the conditional probability distribution for the system at the next step given its 
current state depends only on the current state of the system, discarding all 
previous states. i.e.: 

𝑃�𝑞𝑡+1 = 𝑆𝑗|𝑞1 = 𝑆𝑙 , 𝑞2 = 𝑆𝑘 , … ,𝑞𝑡 = 𝑆𝑖� = 

𝑃�𝑞𝑡+1 = 𝑆𝑗|𝑞𝑡 = 𝑆𝑖� 
Eq. (3-6) 

Thus we can obtain the set of state transition probabilities, aij: 

𝑎𝑖𝑗 = 𝑃�𝑞𝑡+1 = 𝑆𝑗|𝑞𝑡 = 𝑆𝑖�, 1 ≤ 𝑖, 𝑗 ≤ 𝑁 Eq. (3-7) 

where the following restriction applies: 
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𝑎𝑖𝑗 ≥ 0,∀𝑖, 𝑗 Eq. (3-8) 

�𝑎𝑖𝑗

𝑁

𝑗=1

= 1,∀𝑖 Eq. (3-9) 

Given this description, a Markov model can be represented by a directed graph 
in which each node represents a specific state and links between nodes represent 
transition probabilities (See Figure 3-1). 

S1

S2 S3

a 1
2

a 2
1

a23

a32

a14

a41

a22
a11

a33

S4

a44

a43

a34

a 42

a 24

a13

a31

 
Figure 3-1 A Markov chain with 4 states. The discrete states, labelled as Si are 
represented by nodes, and the transition probabilities, aij, are represented by links 
between nodes. 
Since the output of the process is the sequence of observable states at each time, 
this stochastic process also receive the name of observable Markov model. An 
interesting question arising at this moment is how we could evaluate the 
probability that a particular sequence of observations has been generated by a 
particular model (where the full set of aij is known). In this case, we simply 
multiply the successive state transition probabilities. In other words, assuming a 
particular model S={S1, S2, S3, S4}, with transition probabilities A={aij}, and a 
particular observation sequence O, for instance O={S3, S2, S3, S1, S4, S2}, then 

𝑃(𝑂|𝑆) = 𝑎32𝑎23𝑎31𝑎14𝑎42 Eq. (3-10) 

Additionally if the prior probability on the first state is known P(q1=Si), we must 
take into account such factor as well. A deep review on both Markov models and 
HMMs can be found in [Bishop,2006], [Theodoridis,2006], while a 
comprehensive review for speech applications can be found in [Rabiner,1989]. 

Going back to HMMs, they can be regarded as a finite state machine, with a given 
number of states S={S1,..,SN} connected by a transition network A={aij; 1≤i,j≤N}. The 
transitions from one state to another depend on probabilities rather than in a 
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deterministic rule. As previously said, the set of states is not visible. Instead, a set of 
observation symbols (corresponding to the observations being modelled by the HMM) 
V={V1,..,VM} can be emitted from each particular state. Figure 3-2 shows a 3-state 
HMM, where all transitions between states are possible, and where the probability of 
emitting a specific symbol, Vk, in a specific hidden state, Sj, is denoted by bj(k). When 
every one of the hidden states have a non-zero probability of occurring given some 
starting state, the HMM is called ergodic. 
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Figure 3-2 3-state HMM; where aij represents the state transition probabilities, Vk 
denotes the observation symbols also known as emitting or visible states and bj(k) 
represents the probability of the emission of a visible state. 

An alternative to the ergodic HMM, is the Bakis or left-to-right HMM (see Figure 3-3) 
[Bakis,1976]. In this case, the Markov chain starts in a particularly state and goes 
through different intermediate states until it reaches a final state, moreover, when 
traversing the intermediate states no backward transitions are allowed.  
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Figure 3-3 Illustration of 5-state left-to-right HMM 
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A formal description of this type of HMM, establishes the following properties and/or 
restrictions: 

• Restrictions over state transition coefficients: 
o No backward transition are allowed: 

𝑎𝑖𝑗 = 0, 𝑗 < 𝑖 Eq. (3-11) 

o An optional restriction that has been successfully applied, especially in 
speech recognition, is not allowing large changes in state indexes. 

𝑎𝑖𝑗 = 0, 𝑗 > 𝑖 + ∆ Eq. (3-12) 

o Left-to-Right models have a final state, N, for which the following 
restriction applies: 

𝑎𝑁𝑖 = �0, 𝑖 ≠ 𝑁
1, 𝑖 = 𝑁

� Eq. (3-13) 

• Restrictions over state probabilities: 
o Left-to-Right models have an initial state, therefore, the initial state 

probabilities must fulfil the following restriction: 

𝜋𝑖 = �0, 𝑖 ≠ 1
1, 𝑖 = 1

� Eq. (3-14) 

No matter which type of HMMs we are dealing with, the general problem addressed by 
the HMM is to build a probabilistic model that best explains an observation sequence. 
To solve this problem it is necessary to formally define the elements that characterise an 
HMM: 

• N → Number of states (which usually have some physical meaning associated) 
in the model. As previously specified, we represent the set of states as 
S={S1,…,SN}, and the state reached at instant t as qt. 

• M → Number of symbols that correspond to the distinct observation symbols 
being modelled by the system. We denote the individual symbols as 
V={V1,..,VM}. 

• A={aij} → Set of transition probabilities which control the way the hidden state 
at instant t is chosen given the hidden state at instant t-1. Typically, each aij 
satisfies equations Eq. (3-7) and Eq. (3-8).  

• B={bj(k)} → Set of symbol emission probabilities for each hidden state, j, where 

𝑏𝑗(𝑘) = 𝑃�𝑉𝑘|𝑞𝑡 = 𝑆𝑗�; 1 ≤ 𝑗 ≤ 𝑁; 1 ≤ 𝑘 ≤ 𝑀 Eq. (3-15) 

• π={πi} → Initial state distribution, where  
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𝜋𝑖 = 𝑃[𝑞1 = 𝑆𝑖], 1 ≤ 𝑖 ≤ 𝑁 Eq. (3-16) 

Based on these definitions, we can assert that in order to fully characterise an HMM, it 
is necessary to specify the N and M model parameters, in addition to the set of 
observation symbols and the three probability measures, A, B, π. However, we can use 
the following compact notation: 

𝜆 = {𝐴,𝐵,𝜋} Eq. (3-17) 

With these preliminaries, we must focus now on three central issues that must be solved 
for the model to be useful in real-world applications: 

• The Evaluation Problem: From a practical point of view, this is a scoring 
problem in the sense that the solution to this problem allows us to decide on the 
best model among a set of different models that best matches a sequence of 
observations. Formally, we are looking for an efficient way to compute P(O, λ), 
where O={o1, o2,…,oT} is the observation sequence (oj∈V) and λ={A, B, π}.  
An efficient way to compute this probability is the forward-backward algorithm 
[Baum,1966-A], [Baum,1968], [Rabiner,1989], although in this section only the 
forward component will be used. The forward algorithm defines the following 
forward variable: 

𝛼𝑡(𝑖) = 𝑃(𝑜1, 𝑜2, … ,𝑜𝑡 , 𝑞𝑡 = 𝑆𝑖|𝜆) Eq. (3-18) 

Which is the joint probability of state Si and the partial observation sequence {o1, 
o2,…,ot} until instant t. In other words, represents the probability that the model 
λ={A, B, π} is in state Si having generated the observation sequence, {o1, 
o2,…,ot}, at instant t. 
Given the initialisation for instant t=1, 

𝛼1(𝑖) = 𝜋𝑖𝑏𝑖(𝑜1), 1 ≤ 𝑖 ≤ 𝑁 Eq. (3-19) 

we can compute αt+1(i), by induction, for all the states j, 1≤j≤N, and for all 
instants t=1,2,…,T. 

𝛼𝑡+1(𝑗) = ��𝛼𝑡(𝑖)𝑎𝑖𝑗

𝑁

𝑖=1

� 𝑏𝑗(𝑜𝑡+1), 1 ≤ 𝑡 ≤ 𝑇, 1 ≤ 𝑗 ≤ 𝑁 Eq. (3-20) 

The expression in brackets represents the probability of reaching Sj at instant 
t+1, from all possible model’ states at instant t, having observed the partial 
sequence {o1, o2,…,ot}. Summing the terminal forward variables, αT(i), over all 
possible states of the model, then we can obtain the expected probability: 

𝑃(𝑂|𝜆) = �𝛼𝑇(𝑖)
𝑁

𝑖=1

 Eq. (3-21) 
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• The Decoding Problem: When solving this problem, we are providing an 
optimal sequence of hidden states, Q={q1,…,qT}, (according to some optimality 
criterion) for a given sequence of observations, O={o1, o2,…,oT}, and a specific 
model λ={A, B, π}. It is important to notice that, except in the case of 
degenerated models, there is no correct/unique state sequence to be found, but 
the optimal one, i.e., the one that best explains the observation sequence. The 
Viterbi algorithm [Viterbi,1967], [Forney,1973] is one of the most used 
algorithms to maximise P(Q|O,λ), which is equivalent to maximizing P(Q,O|λ). 

The Viterbi algorithm defines the following variable: 

𝛿𝑡(𝑖) = max
𝑞1𝑞2 ,…,𝑞𝑡−1

𝑃[𝑞1,𝑞2, … , 𝑞𝑡 = 𝑆𝑖 , 𝑜1,𝑜2, … , 𝑜𝑡|𝜆] Eq. (3-22) 

which represents the sequence of highest probability at instant t, ending in state 
Si and generated by the first t observations in the sequence. Given the 
initialisation for instant t=1, 

𝛿1(𝑖) = 𝜋𝑖𝑏𝑖(𝑜1), 1 ≤ 𝑖 ≤ 𝑁 Eq. (3-23) 

we can compute δt+1(i), through the following recursion for all the states j, 1 ≤ j 
≤ N, and for all instants t=2,…,T 

𝛿𝑡(𝑗) = �max
1≤𝑖≤𝑁

𝛿𝑡−1(𝑖)𝑎𝑖𝑗� 𝑏𝑗(𝑜𝑡), 1 ≤ 𝑗 ≤ 𝑁, 2 ≤ 𝑡 ≤ 𝑇 Eq. (3-24) 

However, the solution to the decoding problem must be an optimal sequence of 
hidden states, so we must also define an array,𝜓, which keeps track of the 
argument maximizing Eq. (3-24). 

𝜓1(𝑖) = 0, 1 ≤ 𝑖 ≤ 𝑁 Eq. (3-25) 

𝜓𝑡(𝑗) = argmax
1≤𝑖≤𝑁

�𝛿𝑡−1(𝑖)𝑎𝑖𝑗� , 1 ≤ 𝑗 ≤ 𝑁, 2 ≤ 𝑡 ≤ 𝑇 Eq. (3-26) 

In this way, the optimum path can be found using the following path 
backtracking: 

𝑞𝑇∗ = argmax
1≤𝑖≤𝑁

[𝛿𝑇(𝑖)] Eq. (3-27) 

𝑞𝑡∗ = 𝜓t+1(𝑞𝑡+1∗ ) , 𝑡 = 𝑇 − 1,𝑇 − 2, … ,1 Eq. (3-28) 

• The Learning Problem: In this case we are facing a parameter optimisation 
problem. Formally, given a training sequence, T={t1,…tL}, and an initial model, 
λI={AI, BI, πI}, we need to find a procedure to optimise the model parameters, so 
as to best describe the training sequence. The optimised model, λO={AO, BO, πO}, 
must fulfil the following constrain: 
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(𝑇|𝜆𝑂) ≥ 𝑃(𝑇|𝜆𝐼) Eq. (3-29) 

Probably one of the most used parameter re-estimation algorithm is the iterative 
“Baum-Welch” algorithm [Baum,1970]. This algorithm uses the same principles 
as the Expectation-Maximisation algorithm which we will discuss later (section 
3.3.1) on this chapter. In addition, the backward variable which we have omitted 
in the analysis of the Evaluation Problem will now be used: 

𝛽𝑡(𝑖) = 𝑃(𝑜𝑡+1, 𝑜𝑡+2, … , 𝑜𝑇|𝑞𝑡 = 𝑆𝑖 ,𝜆) Eq. (3-30) 

Given Eq. (3-30) we can formally define βt(i) as the probability of generating the 
partial observation sequence O={ot+1,ot+2,…,oT}, from instant t+1 until T, 
assuming the model is in state Si at instant t. Like in the case of the forward 
variable, the backward variable can be evaluated through the following 
recursion: 

𝛽𝑇(𝑖) = 1, 1 ≤ 𝑖 ≤ 𝑁 Eq. (3-31) 

𝛽𝑡(𝑖) = �𝑎𝑖𝑗𝑏𝑗(𝑜𝑡+1)𝛽𝑡+1(𝑗)
𝑁

𝑗=1

; 𝑡 = 𝑇 − 1,𝑇 − 2, … ,1; 1 ≤ 𝑖

≤ 𝑁 

Eq. (3-32) 

Additionally, we must define the probability of being in state Si at instant t and 
in state Sj at instant t+1(transition probability), given the model and the 
observation sequence: 

𝜉𝑡(𝑖, 𝑗) = 𝑃�𝑞𝑡 = 𝑆𝑖 , 𝑞𝑡+1 = 𝑆𝑗|𝑂, 𝜆� Eq. (3-33) 

which can be rewritten in terms of forward and backward variables as: 

𝜉𝑡(𝑖, 𝑗) =
𝑃�𝑞𝑡 = 𝑆𝑖 , 𝑞𝑡+1 = 𝑆𝑗 ,𝑂|𝜆�

𝑃(𝑂|𝜆) =
𝛼𝑡(𝑖)𝑎𝑖𝑗𝑏𝑗(𝑜𝑡+1)𝛽𝑡+1(𝑗)

𝑃(𝑂|𝜆)

=
𝛼𝑡(𝑖)𝑎𝑖𝑗𝑏𝑗(𝑜𝑡+1)𝛽𝑡+1(𝑗)

∑ 𝛼𝑇(𝑘)𝑁
𝑘=1

 
Eq. (3-34) 

Given the above formulas, we can use the following equations to re-estimate the 
parameters of the initial HMM, λI={AI, BI, πI}, 

𝜋�𝑖 = �𝜉1(𝑖, 𝑗)
𝑁

𝑗=1

 Eq. (3-35) 

𝜋�𝑖 can be regarded as the expected frequency in state Si at instant t=1. However, 
in voice applications 𝜋�𝑖 is usually set to 1 for the initial state 

𝑎�𝑖𝑗 =
∑ 𝜉𝑡(𝑖, 𝑗)𝑇−1
𝑡=1

∑ ∑ 𝜉𝑡(𝑖,𝑘)𝑁
𝑘=1

𝑇−1
𝑡=1

 Eq. (3-36) 
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We may regard 𝑎�𝑖𝑗 as the ratio between the average number of transitions from 
state Si to state Sj, and the number of transitions from state Sj. 

𝑏�𝑗(𝑉𝑘) =
∑ ∑ 𝜉𝑡(𝑖, 𝑗)𝑁

𝑖=1
𝑇
𝑡=1,𝑜𝑡=𝑉𝑘
∑ ∑ 𝜉𝑡(𝑖, 𝑗)𝑁

𝑖=1
𝑇−1
𝑡=1

 Eq. (3-37) 

In this case, 𝑏�𝑗(𝑉𝑘), may be regarded as the ratio between the expected number 
of times the symbol Vk is observed while in state Sj, and the expected number of 
times that the model is in the state Sj. 

3.2.1 Types of HMMs 

So far we have considered the standard type of HMM, where the state space of hidden 
variables is discrete and the observations were characterised also as discrete symbols. 
However, in some applications, the observations can also be continuous signals (or 
vectors). To overcome this problem, we can quantise the continuous vectors, for 
instance via codebooks. However, the use of quantisation introduces certain problems, 
since a small codebook will lead to high quantisation noise, whereas a large codebook 
can lead to many centroids being not represented in the training data thereby resulting in 
degradation of the recognition rates. A feasible solution to this problem is the use of 
continuous density HMM (CD-HMM) [Liporace,1982].  
In the case of CD-HMM, a set of Gaussians is usually used to statistically characterise 
the observed feature vectors as a multivariate distribution within each state: 

𝑏𝑗(𝑜) = �𝑐𝑗𝑘𝐺�𝑜, 𝜇𝑗𝑘 , Σ𝑗𝑘�
𝐾

𝑘=1

 Eq. (3-38) 

In this case, the set of parameters bj(o) (where o is the vector being modelled), depends 
on a set of mixture coefficients, cjk (mixture component for mth mixture in state j), that 
weights each Gaussian density with mean vector µjk, and covariance matrix, Σjk. 
Additionally the mixture weights must satisfy the stochastic constraints: 

�𝑐𝑗𝑘

𝐾

𝑘=1

= 1, 1 ≤ 𝑗 ≤ 𝑁 Eq. (3-39) 

𝑐𝑗𝑘 ≥ 0,1 ≤ 𝑗 ≤ 𝑁, 1 ≤ 𝑘 ≤ 𝐾 Eq. (3-40) 

In [Liporace,1982] we can find a set of formulas which allow parameter re-estimation, 
in order to solve the HMM learning problem, similar to the ones presented above. One 
of the problems of this approach is the fact that the parameters are not shared by all 
states. This implies that a small value of K, i.e. the number of mixtures, would lead to 
the erroneous assumption that the distribution probability can be modelled by a 
Gaussian mixture. Correspondingly, a large value of K would result in a lack of 
representation for many states. 

An intermediate solution presented in [Huang,1989], consists in using semi-continuous 
density models. The basic idea behind this proposal is the use of a common codebook 
for all the states, which describes the set of acoustic classes. However, in this case 
classes are not represented by discrete centroids but continuous probability density 
functions, typically Gaussians.  
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A comparative study of the performance of discrete and continuous HMMs, as well as 
VQ distortion in text-independent speaker recognition can be found in [Matsui,1992]. 
Although the database used in the experiment is quite limited in the number of speakers, 
they conclude that continuous HMMs present better performance than discrete HMMs 
and even the VQ approach when there is enough training data. 

No matter whether we are using discrete, continuous or semi-continuous HMMs, we 
can use each of the two different structure of HMMs presented above. In other words, 
ergodic HMMs, in which every state of the model could be reached in a single step from 
every other state in the model, and Left-to-Right HMMs, in which as time index 
increases, the state index also increases (or at least remains the same). However, in the 
literature we can find other kinds of HMMs regarding their structure. 

For instance, we can find HMMs in which the observations are no longer associated 
with the states but rather with the transitions. In this type of HMMs it is useful to allow 
the use of transitions that produce no output, providing a powerful way to describe 
phonetic elision phenomena. Such transitions are called null transitions [Bahl,1983]. 

Another interesting variation is the incorporation of the parameter tying concept 
[Bahl,1983], which has been extensively used in speech recognition. The main idea 
behind this concept is to reduce the number of independent parameters in the model by 
setting up an equivalent relation between HMMs parameters in different states. Tied 
mixture systems use a single set of Gaussian distributions which is shared across all 
states. The different mixture weight distribution of the shared Gaussians is what 
differentiates each state. Some variations have been proposed in order to get more 
detailed models. For instance, [Paul,1991] proposed the used of phonetically tied 
mixture (PTM) systems, in which a separate Gaussian codebook is shared among all 
triphone states corresponding to the same base phone. Another variation consists in 
clustering HMM states according to acoustic similarity, leading to State-clustered 
HMMs. The states in each cluster either share the same Gaussian distribution 
[Woodland,1994], or only share the same set of Gaussians but with different weights for 
each state [Digalakis,1996]. This method is of particular interest in cases when the 
amount of training data available to build the model is not sufficient. It shall be noticed 
that the mathematical issues involved on the learning algorithm are not affected by the 
parameter tying [Bellegarda,1990], despite the parameter estimation problem becomes 
somewhat simpler. 

Finally, we can cite the autoregressive (AR) HMMs, in which the observation vectors 
are drawn from an autoregressive process. In [Poritz,1982], AR-HMM were first 
introduced and applied to speaker recognition through a 5-state ergodic HMM. Lately, 
[Juang,1986] expanded this concept to richer class of mixture autoregressive HMMs, in 
which the states are described as a linear combination of AR sources, and applied it to 
speaker-independent recognition of isolated digits. [Tisby,1991], applied this last 
approach to speaker recognition and compared its performance with a VQ-system 
concluding that the improvement is not worthy if compared to the cost of training these 
models. 
One important issue related to HMMs is the inclusion of state duration density in the 
model, although it seems to be more useful for continuous speech recognition rather 
than in speaker recognition systems. In this case, the probability density function of 
duration in a state must be evaluated from the training data. Although the theoretical 
framework to incorporate temporal information is developed in [Rabiner,1989], and 
when used is supposed to significantly improve the system, it presents a high 
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computational cost that discourages its use (especially in terms of the increase in the 
number of parameters to be estimated for each state, and therefore the computational 
load of re-estimation). 

3.2.2 Implementation Issues 

In this section we will introduce some practical implementation issues as well as 
limitations when dealing with HMMs. 

• Optimisation Criterion: To lighten some of the problems related with the 
estimation of the HMM parameters different alternatives to the standard 
maximum likelihood (ML) optimisation procedure have been proposed: 

o Maximum Mutual Information (MMI): Originally presented in 
[Bahl,1986], it has been successfully applied to speech recognition, as 
the main idea behind this method is not just modelling the distribution of 
the data set of the target class, but all the classes (HMMs representing, 
for instance, different words to be recognised) in the system jointly. In 
the MMI approach, we assume that the speech units represented by the 
HMMs, λv, v=1, 2,…,V, are equally likely. Assuming the existence of a 
set of training sequence observations Ov, the objective is to maximise the 
average mutual information, I, between the observation sequence and the 
complete set of models: 

𝐼𝑖 = max
𝜆

�log𝑃�𝑂𝑖|𝜆𝑖� − log�𝑃�𝑂𝑖|𝜆𝑗�
𝑉

𝑗=1

� Eq. (3-41) 

where λi is the target model and λj the others. When applied to the whole 
set of training sequences a possible implementation would be: 

𝐼 = max
𝜆

���log𝑃�𝑂𝑖|𝜆𝑖� − log�𝑃�𝑂𝑖|𝜆𝑗�
𝑀

𝑗=1

�
𝑀

𝑖=1

� Eq. (3-42) 

Clearly, MMI estimation is not explicitly designed to maximise the target 
model probability, but to maximise the mutual information between the 
target class and other classes. 
However, conventional MMI training tends to over train the models, thus 
decreasing the discriminative capability. To overcome this problem, 
[Kim,1998] proposed a cross-validation approach in which parameters 
are estimated on a subset of the data and the recognition performance is 
evaluated on the remainder.  

o Minimum Discriminant Information (MDI): [Ephraim,1987] proposed 
this iterative approach that aims at minimizing the discrimination 
information between the source (not necessary a Markov source but just 
a positive definite correlation function) and the model. In this case, the 
goal is to find the HMM parameters which minimise the discriminant 
information between the signal probability densities (Q) and the set of 
HMM probability densities (Pλ). The discriminant information between 
two probability distributions (P & Q) with probability density functions 
p and q, respectively, can be expressed as: 
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𝐷(𝑄||𝑃) = �𝑞(𝑦) ln�
𝑞(𝑦)
𝑝(𝑦)�𝑑𝑦 Eq. (3-43) 

In order to minimise the discriminant information (i.e., compensate for 
mismatches between measurements and model), thus finding optimum 
values of λ=(A,B,π), a modified variant of the Baum-Welch algorithm is 
used, which actually is an iterative descent algorithm for the discriminant 
information measure with local convergence. 

Broadly speaking, the procedure begins with the estimation of the 
HMMs according to the traditional ML criterion. Then, for a given 
HMM a probability distribution for the source is estimated by 
minimizing the discriminant information measure over all probability 
distributions of the source which agree with the given measures. Finally, 
given a probability distribution of the source, we estimate the HMM that 
minimises the discrimination information on the set of hidden Markov 
models 

o Minimum Error Classification (MEC): Also known as corrective training 
or discriminative training, MEC can be regarded as a post-processing 
phase that aims to increase the discriminative power of the models by re-
estimating its parameters. Proposed by [Juang,1992], it has been 
successfully applied to speaker recognition [Rosenberg,1998], 
[Siohan,1998], [Liu,1995]. A discriminant function is first described, so 
that the classifier makes a decision for each training observation 
sequence by choosing the largest of the discriminants evaluated on the 
training sequence. Then a set of misclassification measures is defined for 
each class, taking into account the models of other competing classes, 
which attempt to evaluate how likely an observation is misclassified. 
Finally, a gradient descendent algorithm is used to derive all model 
parameters so that the total loss (cost function which embeds 
misclassification measures), for a given set of observations is minimised. 

o Maximum Likelihood Linear Regression (MLLR): [Leggetter,1995-A] 
proposed the MLLR method as an alternative adaptation method for 
continuous density HMMs. In the experiments carried out, an initial 
speaker-independent system is adapted to a specific speaker by applying 
a set of linear transformations to the Gaussian mean vectors, i.e. updating 
the HMM parameters. Each transformation is used for a number of 
Gaussian distributions, and the number of transformations is determined 
by the amount of available training data, making this adaptation method 
suitable for cases in which training data is limited. The parameters of the 
transformation matrices are estimated to maximise the likelihood of the 
speaker specific data. MLLR will be briefly presented in the next section 
for the case of background model adaptation in GMM based systems. 

• Limitations of the HMMs: 
HMMs are a powerful tool that theoretically allows modelling any probability 
distribution over sequences. Moreover, they have become the standard in 
automatic speech recognition and have proven its value in speaker recognition as 
well, thanks to the availability of efficient training and decoding algorithms. 
However, it is claimed that HMMs present some limitations (although they may 
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be solved, if feasible in practice, with large number of model parameters and a 
large amount of training data): 

o Duration modelling issues: In the traditional HMM approach, state 
duration is modelled by the state transition probabilities. However, as 
reported by [Matsui,1992] the contribution of transition probabilities to 
the likelihood score in text-independent speaker recognition is often 
insignificant. Moreover, a recent study [Deshpande,2008] concluded that 
the speaker identification rates using CDHMMs are strongly correlated 
with the number of mixtures per state and the amount of training data. In 
contrast, as reported above, other authors have addressed the problem by 
introducing models with explicit state duration distributions 
[Russell,1985], [Levinson,1986]. The major drawback, which is also the 
solution, is the increase in the number of model parameters (therefore an 
increase in the computational load) and the need for large training data. 

o Conditional independence of observations: A major limitation when 
dealing with speech/speaker recognition is the poor modelling of the 
acoustic context, i.e., the assumption of conditional independence of 
observations (frames of speech) given the state sequence. Thanks to this 
assumption, the probability of a sequence of observations can be 
expressed as: 

𝑃(𝑂1,𝑂2, … ,𝑂𝑇) = �𝑃(𝑂𝑖)
𝑇

𝑖=1

 Eq. (3-44) 

One possible solution to this limitation is the inclusion of short-term 
dynamic properties in the observation space. Other approaches proposed 
the use of HMM variations in which the observation correlation is 
explicitly modelled. For instance, the statistical dependence between the 
current observation vector and the last observed one can be modelled 
explicitly by conditional Gaussian HMMs [Wellekens,1987]. Buried 
Markov Models (BMM) [Bilmes,1999], which are standard HMMs to 
which extensions in the form of conditional dependencies between 
components of different features vectors have been added, are another 
possible solution. The observations are no longer considered 
conditionally independent of past ones, but the most important 
dependencies are considered explicitly. Segmental HMMs 
[Russell,1993], [Yun,2000] are also related with this limitation. In this 
approach, the observations are conditionally dependent both on the 
current HMM state and on the mean of a sequence of speech frames to 
which they belong. [Ostendorf,1996] present a review and general 
stochastic framework for segmental HMMs as well as the analogies 
between them and traditional HMMs. 
In addition, and also related with the segmental HMM approach, we are 
assuming that speech can be well represented by frame-based 
observations, with instantaneous transitions between them. However, a 
voice trace can be represented as a moving point in the parameter space 
as articulation changes occur, forming the speech trajectory. Given that a 
point may belong to different paths, models for speech recognition 
should be based on paths and not on the individual geometric positions 
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of the parameter space. The independence of observations present in the 
HMMs does not preserve the trajectory information. 

o Finally, the Markov assumption itself constitutes another limitation 
[Rabiner,1989]. The modelling of first order hidden Markov models 
assumes that the transition probability between states at time t+1 
depends only on the state of the Markov chain at time t, which is clearly 
inappropriate for speech sounds. One possible solution, although also 
subject to the limitations already presented, are the second-order HMMs. 
In the second-order models HMM2, the transition probability of state in 
the instate t +1 depends on the states of the chain at times t and t-1. 
Experiments carried out with connected digit recognition show an 
improvement in performance. 

• Using HMMs for speaker recognition: 
Like in any other recognition system, the use of HMMs for speaker recognition 
purposes involves two different stages: training phase and testing phase. During 
training phase an HMM is created for each speaker enrolled in the recognition 
system. In other words, for each speaker, k, the HMM model parameters 
λk={A,B,π}, are estimated so that the likelihood of the training observation 
sequence for each speaker is optimised. The test phase differs depending on 
whether the task is identification or verification. In speaker identification for 
each input waveform, the speaker whose model likelihood is highest is selected 
as the identification result. In the case of verification, if the likelihood of the 
input waveform for the claimed speaker’s HMM is larger than a specify 
threshold, the claimant is accepted by the system while otherwise is rejected. 
And additional issue that must be taken into account is whether the recognition 
system is text-dependent or text-independent. Although it is not a rule that must 
be followed strictly, in the first case Left-to-Right HMMs (with self-loops and 
no skips) are usually used, thus imposing a time sequence structure, while in the 
later ergodic HMMs are usual the choice. 
While the recognition phase is easily performed by a Viterbi process that 
calculates the log probability of each utterance, the training phase is probably 
the most difficult problem when dealing with HMMs. A re-estimation algorithm 
such as Baum-Welch training algorithm must be applied to an initial model 
estimate. However, according to [Rabiner,1989] there is no simpler or 
straightforward way of choosing the initial estimates of the HMM parameters, 
although based on experience A and π can be either a random or uniform 
distribution whereas B parameters need a good initial estimation to get rapid and 
proper convergence (especially when dealing with multiple mixtures in the 
CDHMM). In spite of this, a two-step initialisation procedure has been 
successfully used for speaker recognition as reported in [Yu,1995], 
[Boakye,2005], [Deshpande,2008].  
In the first stage, a k-means procedure can be used to initialise the output 
probabilities of each state, based on a preliminary segmentation of the training 
observations into a number of segments equal to the number of states. Form 
these segments, the mixture components (means and variances) of each state are 
computed in an iterative process. The transition probabilities can be set to 
reasonable default values (for instance, time counts of state occupation or l/Di, 
where Di, is the number of transitions allowed out of state i) and then updated 
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iteratively along with the output probabilities. This initial estimation is followed 
by the application of the Viterbi segmentation algorithm to find the most likely 
state sequence for the observation sequence. Re-computation of the mixture 
components occur during realignment of the observations. In the second stage, 
the Baum-Welch re-estimation algorithm is applied until convergence on the 
HMM parameters using the same training data. Diagonal covariance matrices 
are assumed in the estimation of the output distributions. 

3.2.3 Available software tools 

Probably one of the most known and extensively used toolkits for building and 
manipulating HMM is HTK (URL:HTK) (Hidden Markov Model Toolkit). Originally 
developed at the Machine Intelligence Laboratory of the Cambridge University 
Engineering Department, it consists of a set of library modules and tools available in C 
source form. HTK provides specific tools for speech analysis, HMM training and 
testing, supporting both continuous density mixture Gaussian HMMs and discrete 
distributions as well. Although Microsoft retains the copyright to the original code, 
HTK is available for teaching and academic research at no cost. This free availability 
has promoted the use of this toolkit not only in speech recognition applications, but also 
in speech synthesis, speaker recognition, character recognition or even DNA 
sequencing.  
Another C-library that implements data structures and algorithms for basic and extended 
HMMs is the General Hidden Markov Model library (GHMM). The GHMM 
(URL:GHMM) is developed by the Algorithmics Group at the Max Planck Institute for 
Molecular Genetics and is freely available under LGPL license. GHMM toolkit 
provides support for non-homogenous Markov chains, clustering and mixture modelling 
for HMMs, discrete and continuous emissions among others. 
Jahmm (URL: JAHMM) provides a java implementation of HMM related algorithms 
(Viterbi, Forward-Backward, Baum-Welch and k-means among others) under the BSD 
license. According to the author, Jahmm is not computationally efficient as focus was 
on code readability for academic purposes. 
MATLAB (URL: MathWorks) provides a statistical toolbox which includes a set of 
functions related to HMMs. Additionally, as MATLAB is one of the most widely used 
software products for algorithmic development, some other toolboxes have been made 
available on the web to deal with HMMs. For instance, Professor K. Murphy (Univ. of 
British Columbia) provides a toolbox (URL: HMMTM) that supports inference and 
learning for HMMs with discrete outputs, Gaussian outputs (ghmm's), or mixtures of 
Gaussians output. H2M (URL: H2M) provides a set of functions that implement the EM 
algorithm with multivariate Gaussian state-conditional distribution. Three special cases 
have been considered: Gaussian mixture models, Ergodic (or fully connected) Gaussian 
hidden Markov models and Left-to-Right Gaussian hidden Markov models. 

3.3 GAUSSIAN MIXTURE MODELS 
A Gaussian Mixture Model (GMM) is a probabilistic model which has become the de 
facto reference method in text-independent speaker recognition. This can be confirmed, 
for example, if we take a look at the systems presented at the 2008 NIST SRE (URL: 
NIST SRE 2008), in which most of them used this kind of models alone or combined 
with other models. Gaussian mixture models are not restricted to the speaker 
recognition area; they are also used in data mining machine learning and statistical 
analysis. 
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It is important to notice that GMMs do not explicitly use any phonetic information to 
build the speaker model. However, each Gaussian in the model can be seen as a model 
of an underlying phonetic event which pooled together with all the phonetic events 
characterises a person’s voice. Trying to establish a relation between this model (GMM) 
and the ones previously reviewed, GMMs can be regarded as a hybrid approach 
between a unimodal Gaussian classifier and a VQ codebook, in the sense that each 
feature vector is not assigned to a specific class but it has a nonzero probability of being 
originated from each of the available classes. Moreover, it can be viewed as a single-
state HMM with a Gaussian mixture observation density or an ergodic Gaussian 
observation HMM with fixed, equal transition probabilities. 
A GMM for a specific speaker is composed of a set of multivariate Gaussian 
components. If a sufficient number of Gaussians are considered and a fine-tuning of 
means, covariances and mixing weights is carried out, almost any continuous density 
can be approximated. The goal, when training the speaker model characterised by 
λS={wi,µi,Σi}i=1,...M, from a set of D-dimensional training vectors X={x1,...,xN}, is to 
determine the wi (weights), µi (means) and Σi (covariances) values that best represents 
the speaker given a specific number of Gaussians M. For the set of training vectors, the 
mixture density for speaker S, can be defined as: 

𝑃(𝑋|𝜆𝑠) = �𝑝(𝑥𝑛|𝜆𝑠)
𝑁

𝑛=1

 Eq. (3-45) 

Moreover, for a specific feature vector xn, we can define: 

𝑝(𝑥𝑛|𝜆𝑠) = �𝑤𝑖𝑝𝑖(x𝑛)
𝑀

𝑖=1

 Eq. (3-46) 

That is to say, the density is a weighted linear combination of Gaussian densities, pi(xn), 
each one characterised by a Dx1 mean vector, µi, and a DxD covariance matrix, Σi. 

𝑝𝑖(𝑥) =
1

(2𝜋)𝐷 2� |Σ𝑖|
1
2�
𝑒−

1
2(𝑥−𝜇𝑖)𝑇Σ𝑖

−1(𝑥−𝜇𝑖), 1 ≤ 𝑖 ≤ 𝑀 Eq. (3-47) 

The mixing weights also satisfy the following constrains: 

�𝑤𝑖 = 1, 0 ≤ 𝑤𝑖 ≤ 1,∀𝑖
𝑀

𝑖=1

 Eq. (3-48) 

The basic approach when training a GMM is Maximum Likelihood (ML) estimation. 
Assuming that feature vectors in X are independent, the average log-likelihood of X with 
respect to model λS, can be defined as: 

𝐿𝐿𝑎𝑣𝑣𝑔(𝑋|𝜆𝑠) =
1
𝑁� log𝑝(𝑥𝑛|𝜆𝑠)

𝑁

𝑛=1

=
1
𝑁� log�𝑤𝑖𝑝𝑖(𝑥𝑛)

𝑀

𝑖=1

𝑁

𝑛=1

 Eq. (3-49) 

Dividing by N allows us to normalise the duration effects from the log-likelihood value. 
The higher the LLavg value, the higher the indication that the vectors in X where 
originated from the model λS. From this point of view, this condition can also be used 
not only in the train phase but in the test phase as well. Assuming that the GMM models 
λ={ λ1,..., λL} for a set of known speakers S={S1,...,SL} are available, and given a set of 
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test vectors from a target speaker T={t1,...,tN}, we can determine which is the speaker 
originating the test utterance by computing: 

�̂� = 𝑎𝑟𝑔 max
1≤𝑠≤𝐿

𝑃(𝜆𝑠|𝑇) = 𝑎𝑟𝑔 max
1≤𝑠≤𝐿

𝑃(𝑇|𝜆𝑠)𝑃(𝜆𝑠)
𝑃(𝑇)  Eq. (3-50) 

Assuming 𝑃(𝜆𝑠) = 1
𝑆�  and P(T) equal for all speakers, then: 

�̂� = 𝑎𝑟𝑔 max
1≤𝑠≤𝐿

𝑃(𝑇|𝜆𝑠) Eq. (3-51) 

And finally, assuming that feature vectors in T are independent, we get: 

�̂� = 𝑎𝑟𝑔 max
1≤𝑠≤𝐿

𝑃(𝑇|𝜆𝑠) = 𝑎𝑟𝑔 max
1≤𝑠≤𝐿

𝐿𝐿𝑎𝑣𝑔(𝑇|𝜆𝑠) Eq. (3-52) 

Going back to the training phase, one approach extensively used to maximise the 
average log-likelihood function is the Expectation Maximisation (EM) algorithm 
[Dempster,1977], [Jeff Wu,1983]. 

3.3.1 The expectation maximisation algorithm 

In this section we are not going to provide a deeper review or a theoretical background 
of this algorithm, but just a valid approximation for the particular case of the Gaussian 
mixture model. The interested reader can find a deeper review, for instance, in 
[Bishop,2006]. 

As previously stated, given a Gaussian mixture model  𝜆𝑠 = {𝑤𝑖 , 𝜇𝑖 , Σ𝑖}𝑖=1,…,𝑀, the goal 
of the EM algorithm is to iteratively maximise the likelihood function with respect to 
the mean, covariance and weights parameters. In each iteration k, the log probability is 
increased with respect to the previous iteration: 

𝐿𝐿𝑎𝑣𝑔(𝑋|𝜆𝑠𝑘) > 𝐿𝐿𝑎𝑣𝑔(𝑋|𝜆𝑠𝑘−1) Eq. (3-53) 

After providing an initialisation for the target parameters, 𝜆𝑠0 = �𝑤𝑖0, 𝜇𝑖0, Σ𝑖0�𝑖=1,…,𝑀, the 
iterative algorithm consists in applying the following steps: 

1. Expectation step or E step → In the expectation step, the a posteriori probability 
of a specific acoustic class, i, or mixture is evaluated for each feature vector xn: 

𝑃𝑟(𝑖|𝑥𝑛) =
𝑤𝑖𝑘𝑝𝑖𝑘(𝑥𝑛)

∑ 𝑤𝑗𝑘𝑝𝑗𝑘(𝑥𝑛)𝑀
𝑗=1

 Eq. (3-54) 

2. Maximisation step or M step → In the maximisation step, we re-estimate the 
model parameters using the a posteriori probabilities evaluated in the 
expectation step. 

𝑤𝑖𝑘+1 =
1
𝑁�𝑃𝑟(𝑖|𝑥𝑛)

𝑁

𝑛=1

 Eq. (3-55) 
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𝜇𝑖𝑘+1 =
∑ 𝑃𝑟(𝑖|𝑥𝑛)𝑥𝑛𝑁
𝑛=1
∑ 𝑃𝑟(𝑖|𝑥𝑛)𝑁
𝑛=1

 Eq. (3-56) 

Σ𝑖𝑘+1 =
∑ 𝑃𝑟(𝑖|𝑥𝑛)�𝑥𝑛 − 𝜇𝑖𝑘+1��𝑥𝑛 − 𝜇𝑖𝑘+1�

𝑇𝑁
𝑛=1

∑ 𝑃𝑟(𝑖|𝑥𝑛)𝑁
𝑛=1

 Eq. (3-57) 

In the particular case in which diagonal covariances are used, obviously only 
diagonal elements of the covariance matrices need to be updated. Under this 
assumption, the dth diagonal element, 𝜎𝑖2(𝑑), of the covariance matrix of the ith 
Gaussian component, can be defined as: 

σ2𝑖
𝑘+1(𝑑) =

∑ 𝑃𝑟(𝑖|𝑥𝑛)𝑥𝑛2(𝑑)𝑁
𝑛=1
∑ 𝑃𝑟(𝑖|𝑥𝑛)𝑁
𝑛=1

− 𝜇2𝑖
𝑘+1(𝑑) Eq. (3-58) 

 

Where xn(d) and µi(d) refers to the dth element of xn and µi, respectively. 

3. Log likelihood evaluation→ The log likelihood is evaluated using the new 
model parameters, and if the convergence criterion is not satisfied a new 
iteration is executed. 

𝐿𝐿𝑎𝑣𝑔(𝑋|𝜆𝑠𝑘+1) =
1
𝑁� log�𝑤𝑖𝑘+1𝑝𝑖𝑘+1(𝑥𝑛)

𝑀

𝑖=1

𝑁

𝑛=1

 Eq. (3-59) 

where 

𝑝𝑖𝑤(𝑥𝑛) =
1

(2𝜋)𝐷 2� |Σ𝑖𝑤|1 2�
𝑒−

1
2�𝑥−𝜇𝑖

𝑤�𝑇Σ𝑖
𝑤−1�𝑥−𝜇𝑖

𝑤� Eq. (3-60) 

D being the dimension of the feature vector used for training the model, and N 
the number of feature vectors in the training set. 

Although extensively used, the EM algorithm has also its drawbacks. The log likelihood 
function could have multiple local maxima, but the EM algorithm does not guarantee 
that the largest of these maxima is going to be found. Additionally, severe over-fitting 
may occur in the cases where a Gaussian of the mixture collapses onto a data point. This 
problem arises most of times under two specific circumstances: when clusters contain a 
few observations or when too many components are used to fit a data set which can 
actually only be split in fewer clusters. There are some approaches that can be used to 
avoid these singularities, such as the use of heuristics to reset the collapsed Gaussians or 
to adopt a Bayesian approach. For instance, [Ormoneit,1995] proposed the use of a 
Bayesian regularisation method to deal with singularity condition, in which the 
covariance matrix is evaluated in the maximisation step as: 

Σ𝑖𝑘+1 =
∑ 𝑃𝑟(𝑖|𝑥𝑛)�𝑥𝑛 − 𝜇𝑖𝑘+1��𝑥𝑛 − 𝜇𝑖𝑘+1�

𝑇
+ 𝛽𝐼𝑑𝑁

𝑛=1
∑ 𝑃𝑟(𝑖|𝑥𝑛)𝑁
𝑛=1 + 1

 Eq. (3-61) 

Where Id, is a d-dimensional identity matrix and β is a regularisation parameter that can 
be obtained using a validation set or by appropriate Bayesian methods. [Reynolds,1995-
A] proposed the use of a minimum value for each variance element after each EM-
iteration, just in case the variance element had a lower value. 
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Two additional and important issues related with this algorithm remain unsolved. The 
first one refers to the initialisation of the target parameters. One approach can be the use 
of the k-means algorithm to find an initial set of clusters given a specific set of training 
data [Chu,2001]. The main reason to do that is because the k-means algorithm uses less 
number of iterations to reach convergence and is, computationally speaking less 
demanding than EM. Another solution can be the use of a set of randomly selected 
training vectors as initial model means, and an identity matrix for the initial covariance 
matrix. HMMs have also been used to split training data into phonetic classes. Class 
means and variances of these phonetic classes are used as initial model for EM iteration. 
However, according to an experiment reported in [Reynolds,1995-B], no significant 
performance differences have been found between these different initialisation methods. 

In relation to the number of iterations, no theoretical solution has been proposed. 
Although it is not usual to find more than ten EM iterations in state-of-the-art systems, 
the best practice is to optimise the number of EM iterations for each task, as stated by 
[Kinnunen,2010]. 

3.3.2 Background model adaptation 

As previously said, the goal in speaker recognition is to determine whether a given 
segment of speech X, represented as a set of D-dimensional training vectors 
X={x1,...,xN} has been produced by a specific speaker S, represented in this case by a 
GMM (λS). This problem can be reformulated as a basic hypothesis test between HT (X 
was generated by S) and HF (X was not generated by S). In order to decide between 
these hypotheses, an average log-likelihood ratio test can be performed: 

𝐿𝐿𝑎𝑣𝑔(𝑋,𝐻𝑇 ,𝐻𝐹) =
𝑃(𝑋|𝐻𝑇)
𝑃(𝑋|𝐻𝐹) = log𝑃(𝑋|𝜆𝑆)− log𝑃(𝑋|𝜆𝑆̅)

=
1
𝑁��log�𝑝(𝑥𝑛|𝜆𝑠)� − log�𝑝(𝑥𝑛|𝜆𝑆̅)��

𝑁

𝑛=1

 
Eq. (3-62) 

where 𝜆𝑆̅ can be regarded as the model that represents the entire space of possible 
alternatives to the target speaker. From this test one conclusion can be extracted: we 
need to create a model (a GMM in this case) for the corresponding anti-target model, 
universal background model (UBM) or also known as world model. The process of 
training the background model is analogous to the process described for a single 
speaker, but in this case the training data is a set of speech pronounced by people who, 
in theory, will not be present on the system. The training data must be large enough to 
represent the speaker-independent distribution of the feature vectors used to create the 
model. According to [Reynolds,2000] although there is no objective measure to 
determine the amount of speakers and speech from each speaker present in the UBM, it 
is clear that it must contain “speech that is reflective of the expected alternative speech 
to be encountered during recognition”. For example, we have to take into account 
quality of speech, transmission type (telephone line, GSM, microphone, etc.), gender 
(male, female), age (whether the target speaker may be senior, middle age or 
youngsters), etc.  

Many researchers ([Reynolds,2000], [Pelecanos,2000], [Hou,2003], [Liu,2006-A], 
[Karam,2007], [Gonzalez-Rodriguez,2007],  [Kinnunen,2009]) have also proposed the 
used of adaptation methods, in order to use the trained UBM as starting point when 
training the target speaker. One of the reasons to do that relies on the lacking of training 
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material for target speakers, under specific circumstances. For example, user acceptance 
of speaker recognition systems will considerably decrease as enrolment time increases. 
Different methods have been proposed to adapt the speaker’s model from the UBM, 
such as Maximum a Posteriori (MAP), Maximum Likelihood Lineal Regression 
(MLLR), Reference Speaker Weighting (RSW) or eigenvoices, among others. In 
[Krishna,2008], [Mak,2006] and [Mariethoz,2001] a comparative study is carried out 
among these adaptation methods for speaker verification tasks. However, in the later 
this comparison is carried out in the specific case where limited amount of information 
is available for adaptation (speaker model training). In this case, MLLR or eigenvoices 
show better performance compared to other methods. Let’s make a quick review of how 
the most popular adaptation methods work: 

• MAP: As previously said, the goal of adaptation is to derive the speaker model 
from the UBM (λUBM={wi,µi,Σi}i=1,...M), given the training data set X={x1,…,xN}. 
The adaptation can be formulated as a two-step process. In the first step, the 
probabilistic alignment of the training vectors into each of the UBM components 
are computed as: 

𝑃𝑟(𝑖|𝑥𝑛) =
𝑤𝑖𝑝𝑖(𝑥𝑛)

∑ 𝑤𝑗𝑝𝑗(𝑥𝑛)𝑀
𝑗=1

 Eq. (3-63) 

These values are then used to estimate the statistics as weights, mean and 
variance parameters: 

𝑛𝑖 = �𝑃𝑟(𝑖|𝑥𝑡)
𝑇

𝑡=1

 Eq. (3-64) 

𝐸𝑖 =
∑ 𝑃𝑟(𝑖|𝑥𝑡)𝑥𝑡𝑇
𝑡=1
∑ 𝑃𝑟(𝑖|𝑥𝑡)𝑇
𝑡=1

=
1
𝑛𝑖
�𝑃𝑟(𝑖|𝑥𝑡)𝑥𝑡

𝑇

𝑡=1

 Eq. (3-65) 

 

𝐸𝑖2 =
∑ 𝑃𝑟(𝑖|𝑥𝑡)𝑥𝑡𝑥𝑡′𝑇
𝑡=1
∑ 𝑃𝑟(𝑖|𝑥𝑡)𝑇
𝑡=1

=
1
𝑛𝑖
�𝑃𝑟(𝑖|𝑥𝑡)𝑥𝑡2
𝑇

𝑡=1

 Eq. (3-66) 

These statistics are used to update the old background model parameters for each 
mixture i, through the use of the following equations: 

𝑤𝑖𝑛𝑒𝑤 = [𝛼𝑖𝑛𝑖 𝑁 + (1 − 𝛼𝑖)𝑤𝑖⁄ ]𝛾 Eq. (3-67) 

𝜇𝑖𝑛𝑒𝑤 = 𝛼𝑖𝐸𝑖 + (1 − 𝛼𝑖)𝜇𝑖 Eq. (3-68) 

𝜎𝑖𝑛𝑒𝑤
2 = 𝛼𝑖𝐸𝑖2 + (1− 𝛼𝑖)(𝜎𝑖2 + 𝜇𝑖2) − 𝜇𝑖𝑛𝑒𝑤

2 Eq. (3-69) 

where γ is a scale factor computed over all adapted mixture weights to ensure 
that they still satisfy the constraint: ∑ 𝑤𝑖𝑀

𝑖=1 = 1. The adaptation coefficient, αi, 
can be defined as: 
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𝛼𝑖 =
𝑛𝑖

𝑛𝑖 + 𝑟 Eq. (3-70) 

where r is a relevance factor that somehow controls how much new data should 
be observed in a mixture before the new parameters replace the old ones. 
Although MAP allows the adaptation of all mixture coefficients, it has been 
empirically shown that the adaptation of only mean parameters provides the best 
performance [Reynolds,2000]. 

• MLLR: Originally developed for speech recognition and especially for HMM 
adaptation, this algorithm has also been successfully applied to speaker 
recognition. MLLR proposes to constrain the means and variances of the 
Gaussians that compose the GMM of a specific speaker to be linear 
combinations of the means and Gaussians of the UBM. However, for practical 
reasons, as in the case of MAP, most of the times only the means are adapted as 
proposed in [Leggetter,1995-A], [Leggetter,1995-B]. Assuming that 
λUBM={wi,µi,Σi}i=1,...M represents the UBM and given the training data set 
T={t1,…,tN} where n is the dimensionality of the training vectors, the adaptation 
of the mean is achieved by applying the transformation: 

𝜇𝑖𝑠𝑠 = 𝐴𝑖𝑛𝜇𝑖𝑢𝑏𝑚 + 𝑏𝑖𝑛  Eq. (3-71) 

where the matrix Ain (n x n) and the vector bn are parameters to be found by 
maximizing the likelihood of the specific speaker data. This transformation can 
be also expressed as: 

𝜇𝑖𝑠𝑠 = 𝑊𝑖𝜉𝑖𝑢𝑏𝑚  Eq. (3-72) 

where Wi is the {n x (n+1)} transformation matrix and 𝜉𝑖𝑢𝑏𝑚 is the extended 
mean vector 𝜉𝑖𝑢𝑏𝑚 = [1 𝜇𝑖1 … 𝜇𝑖𝑛]𝑇. Obviously, Wi=[bi Ai]. The aim of the 
MLLR adaptation is to find the transformation Wi that maximises the likelihood 
of the training data. This transformation matrix can be obtained through the 
application of the EM algorithm as presented in [Leggetter,1995-A] or 
[Gales,1996]. In the last case an extension to adapt variances is also presented. 
If we strictly apply MLLR, the number of parameters to be adjusted is higher 
than in standard Maximum Likelihood as for each mean vector of each Gaussian 
in the GMM, a matrix of size n x (n+1) needs to be adjusted. However, for 
practical reasons, a typical approach to this problem consists in using a set of 
regression classes. In this case, a set of Gaussians of the model (regression class) 
are grouped together and forced to share the same transformation parameters. In 
order to establish these regression classes different methods have been proposed, 
for instance, regression class trees based on Euclidean similarity between 
clusters [Gales,1996], or regression classes based on the phonetic similarity of 
tri-phone models as in [Ferras,2009]. 

Both the MAP and MLLR adaptations form a basis for the recently proposed 
supervector classifiers. 

 172 



CLASSIFICATION METHODS 

An additional benefit of using the GMM-UBM framework is that the computational 
effort can be reduced if only top scoring Gaussians from the UBM are used to evaluate 
the score. As described in Eq. (3-62), to produce a score of whether the test utterance 
belongs to a specific speaker model, it is necessary to compute a frame-by-frame 
matching. However, as described in [Reynolds,2000], [Tydlitat,2007] if we evaluate the 
LLR for the world model, but only evaluate the corresponding top distributions of the 
UBM in the target speaker, performance can be greatly improved without punishing 
recognition rates. 

3.3.3 Model Order 

Another important issue in Gaussian mixture modelling, that still remains an open 
problem, is the selection of the number of components or mixture in the model. 
Choosing the adequate number of components is essential if a useful model is going to 
be created, as too many components will lead to an over-fitted model with singular 
covariance matrices, while on the other hand the use of too few components will lead to 
a model that do not capture accurately the structure of the data. 
Different approaches have been tested over the last years to determine the number of 
components. For instance, [Akaike,1974] proposed an extension of the maximum 
likelihood principle for the general problem of selecting the appropriate model among a 
set of possible candidates. The main idea consist in finding the model λi∈1..n that 
maximises the function log Mi - ki where ki is the dimension of the model and Mi is the 
maximised value of the likelihood function for the estimated model λi. This method is 
also known as AIC or Akaike’s Information Criterion.  
Approximate Bayes factors [Kass,1995] can also be used to compare models when the 
mixture-model approach is used as clustering method. In the particular case in which the 
EM is used to find the maximum mixture likelihood, the Bayesian Information Criterion 
or BIC defined by Schwarz [Schwarz,1978] can be used to find the most suitable model. 
The BIC can be defined as: 

𝐵𝐼𝐶 = 2𝑙𝑛𝜁(𝑋, 𝜆)−𝑚𝜆 log(𝑛) Eq. (3-73) 

where 𝜁(𝑋,𝜆) is the maximised value of the likelihood for the model λ, given the 
observed data X, mλ is the number of independent parameters to be estimated in the 
model (or dimension of the model) and n is the number of observations in the observed 
data. The BIC assumes that the data points in the observed data are independent and 
identically distributed. However, this assumption may or may not be valid depending on 
the available dataset. The BIC value can be interpreted in the sense that the larger the 
obtained value the stronger the evidence of the model being originated from the 
observed data. Compared to AIC, the BIC tends to favour simpler models as it penalises 
more heavily model complexity. 
The Bayesian Information Criterion has been used under different a priori assumptions. 
For example, [Fraley,1998] apply EM and BIC to determine the best model given a 
maximum number of mixture components, M. On the other hand [Cheng,2004], propose 
an iterative method starting with a single component and successively splitting a 
selected component into two new components until the appropriate number of 
components is found. In this case, the BIC is used to select the component that is going 
to be split in the next iteration.  
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In the same year in which Schwarz presented the BIC, Rissanen [Rissanen,1978] also 
presented the Minimum Description Length (MDL) criteria, which is formally identical 
to the BIC. 

More recently [Abu El-Yazeed,2004], proposed the use of a goodness of fit (GOF) 
measure to decide whether the training data fits well into a GMM distribution or not for 
the specific case of text independent speaker identification. As in the case of 
[Cheng,2004], an iterative method is proposed starting with a model order M=1. In each 
step, the GOF for each of the clusters in the model is evaluated as well as the GOF of 
the model, each one defined as: 

𝐺𝑂𝐹𝑖 =
�1

𝑇𝑖� �∑ �(𝑥𝑡 − 𝜇𝑖)𝑇Σ𝑖−1(𝑥𝑡 − 𝜇𝑖)�
2

𝑥𝑡∈𝑐𝑖

𝐷2 + 2𝐷  Eq. (3-74) 

𝐺𝑂𝐹𝜆𝑀 = 1 −
1
𝑀�|1− 𝐺𝑂𝐹𝑖|

𝑀

𝑖=1

 Eq. (3-75) 

where, 

𝐷2 + 2𝐷 = 𝐸 ��(𝑥 − 𝜇)𝑇Σ−1(𝑥 − 𝜇)�
2
� Eq. (3-76) 

The iterative algorithm finishes when the prior probability of at least one cluster of the 
model does not exceed a specific threshold. At this point the optimum model order is 
determined by: 

𝑀𝑜𝑝𝑡 = 𝑎𝑟𝑔 max
𝑘=1,2,…,𝑀−1

𝐺𝑂𝐹𝜆𝑘 Eq. (3-77) 

The performance of the proposed algorithm has been compared with MDL and AIC 
algorithms, achieving similar identification accuracy in text-independent speaker 
identification experiments.  
An alternative method, kwon as Minimum Message Length or MML first described in 
[Wallace,1968], was compared in [Oliver,1996] to other methods such as Partition 
Coefficient (PC), AIC, ICOMP and BIC.  

According to the MML criterion, we can select a specific model λi among a set of 
models λk=1…K, as the one that best describes the training data, X, if this model 
minimises the following value: 

𝑀𝑀𝐿𝑣𝑎𝑙𝑢𝑒 = 𝑀𝑠𝑔𝐿𝑒𝑛(𝜆𝑖) + 𝑀𝑠𝑔𝐿𝑒𝑛(𝑋|𝜆𝑖) Eq. (3-78) 

where the first term represents the length of the asserted model, and the second term 
corresponds to the expected length of the training data under the assumption that the 
parameter estimates of the model are the true values. A deep review on MML applied to 
mixture models can be found in chapter 6 of [Wallace,2005]. 
Finally, [Tadj,1998], work on the idea that the model order used to describe a specific 
speaker is related with the amount of information available for training the model. Tadj 
reports some improvements when each speaker is modelled with a different model order 
according with the amount of data available for training, in contrast with the results 

 174 



CLASSIFICATION METHODS 

achieved when all the speakers in the experiment use the same model order. Two 
different methods were proposed to establish the relationship between the model order 
and the amount of available training data. One of the methods is based on the use of a 
nonlinear transformation with different parameters determined empirically, while the 
other method relies on exhaustive experimentation in order to establish a linear relation 
between speech signal duration and model order. However, in the case of text-
independent speaker identification, the number of Gaussian components required to 
accurately model a speaker relies on the data distribution rather than its amount as stated 
in [Abu El-Yazeed,2004]. 

3.3.4 Phonetic GMM variations 

One of the main problems when modelling speakers with GMMs is that, as long as this 
model does not explicitly use any phonetic information; the match score in the test 
phase may be biased due to the high probability of finding different phonetic classes in 
training and testing utterances. In order to provide a possible solution to this problem, 
different phonetic approaches have been proposed based on GMMs. 
For instance, [Chaudhari,2003] proposed the use of a tree structure, where each speaker 
is modelled at three levels of detail. The root of the tree contains all the phones, the 
second level partitions the phones into six linguistic classes (vowels, nasals, voiced and 
unvoiced fricatives, plosives, liquids) plus silence, while the last level is comprised of 
the individual phones.  

Another approach consists in modelling each speaker using different GMMs for 
different phonetic classes. Following this concept we can find in the literature different 
approaches. [Faltlhauser,2001] presented the so-called Phonetically Structured GMM, 
in which separate GMMs trained on separate phonetic classes (nasals, fricatives, 
different vowels, liquids, plosives or subclasses of them) are combined using specific 
weights. Although phonetic labelling is needed during training, in the test phase all 
speech frames from the test utterance are scored against the combined model. In a 
similar way [Castaldo,2007] described the phonetic GMM (PGMM). Like in the 
previous case, a GMM is trained for each of 11 language-independent broad phone 
classes, which together constitute the speaker model. However, during the test phase, 
each audio segment is first phonetically labelled and then scored against its 
corresponding GMM. 
[Sturim,2002] and [Bocklet,2009] face the problem from a more general point of view. 
In the case of [Bocklet,2009], a GMM is trained for each of the eight syllable groups 
(syllable onsets, syllable nuclei, syllable codas, syllables following pauses, one-syllable 
words, syllables containing [N], syllables containing [T] and syllables containing [B], 
[P], [V], or [F]) and in the test phase, scores for each subsystem are combined by Linear 
Logistic Regression (LLR). [Sturim,2002] presented the text-constrained system, in 
which for each speaker a set of GMM-UBM system is defined, each of them 
representing a specific word.  
The recognition rates achieved by the different studies already presented clearly indicate 
that phonetic modelling in GMMs is worth of further study. 

3.3.5 Available software tools 

Like in the case of Vector Quantisation and HMMs, there are some open-source 
software tools available on-line that implement different algorithms for building 
GMMs.  
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Probably one of the most known and extensively used open-source software tool for 
Gaussian Mixture Modelling in speaker recognition applications is ALIZE 
[Bonastre,2005], [Bonastre,2008]. Developed within the project MISTRAL funded by 
the French National Research Agency (ANR), ALIZE library is available on different 
operating systems (Linux, Windows, Mac OSX) and provides a modular and easy to use 
platform capable of managing different biometric tasks (feature extraction, model 
training, test, normalisation, etc.). The training process is carried out using the EM 
algorithm in the case of the train background task, while the adaptation of the 
background model to a specific target model can be carried out through two different 
Maximun A Posteriori algorithms (MAPOccDep/ MAPConst). ALIZE is widely used 
both in the academic and industrial community and has obtained good results in major 
international evaluation campaigns NIST SRE (Speaker Recognition Evaluation) and 
ESTER (evaluation of automatic radio broadcast transcription systems for French 
language). The ALIZE library is available for download at (URL:ALIZE), whereas 
additional information can be found at the project’s official web page (URL:MISTRAL) 
and the recently created wiki (URL:wiki-mistral).  
MATLAB (URL: MathWorks) is one of the most widely used software products for 
algorithmic development not only in academic and research institutions but in the 
industry world as well. Although not computationally efficient for massive data 
processing, MATLAB provides a powerful programming language and easy to use 
environment for rapid prototyping and visualisation. Moreover, they include in the 
software package the gmdistribution class, which allows us to define a Gaussian 
mixture distribution. 

Other solutions can be found in the Web as open-source projects. For instance, the 
Gaussian Mixture Model and Regression project (GMM-GMR) registered on 
SourceForge.net on 2008 (URL: GMM-GMR). As described by the project team, 
GMM-GMR is a light package of functions in C/C++ to compute Gaussian Mixture 
Models and Gaussian Mixture Regression, allowing the user to evaluate a GMM from 
any dataset, and to retrieve partial data by specifying the desired inputs (GMR).  

3.4 SUPPORT VECTOR MACHINES 
After its introduction as maximum margin classifier in 1992 [Boser,1992], Support 
Vector Machines (SVM), which are based upon the structural risk minimisation 
principal of Vapnik [Vapnik,2000], have become more and more popular for solving 
classification problems, especially due to robustness and good generalisation 
performance to classify unseen data. Particularly, they have been applied in speaker 
recognition with different features such as spectral [Fauve,2007], or high-level 
[Ferrer,2007-A] – syllable-based prosodic features – or [Campbell,2007] – n-gram 
frequencies.  
An SVM is a discriminative two-class classifier whose purpose is to model the 
boundaries between two classes as a separating hyperplane. In the specific case of 
speaker recognition, a subtle distinction must be made between speaker verification and 
speaker identification. In the first case, one class (the target speaker class) consists of 
the target feature vectors, while the other class (the background class) consists of the 
training feature vectors from a set of impostors (see Figure 3-4). Using these labelled 
training vectors, an SVM will find a separating hyperplane between these two classes. 
Usually, for system simplicity, the impostor population is kept constant for every 
speaker target enrolled in the system. In the case of speaker identification, the focus is 
on determining the identity of a target speaker from a group of speakers. From this point 
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of view, two different approaches can be followed. The one-versus-all strategy, consist 
in considering the target speaker as one class, and the remaining non-target speakers as 
the alternative class. This operation is performed for all speakers to obtain a set of 
speaker identification models. However, this approach presents the problem that every 
new speaker incorporation involves retraining the whole set of speaker models. To 
overcome this problem an alternative approach consists in building as many classifiers 
as speakers using a fixed background set for all the speakers. In both cases, if there are n 
speakers then n classifiers must be constructed. 
In the following sections a brief review on SVM theory will be presented. The 
interested reader may refer to one of the following references for a more technical 
review of Support Vector Machines for pattern recognition [Burges,1998], 
[Cristianini,2000], [Schölkopf,2001], [Vapnik,2006]. Additionally [Vapnik,2000] 
provide a deeper insight on Support Vector Machines and other kernel-based learning 
methods. 

Target speaker
feature vectors

Impostors
feature vectors

SVM training
algorithm

Class 1

Class -1

Speaker model

 
Figure 3-4 SVM training strategy for speaker recognition 

3.4.1 Basic SVM theory 

At this point we assumed that we have a training set, 𝑇 = {(𝑥𝑖,𝑦𝑖)}𝑖=1𝑙 , where xi denotes 
the training vectors and yi denotes the corresponding label/class ({-1,+1}) assigned to 
the feature vector. On the simplest case, when dealing with linearly separable classes, 
the objective is to find the hyperplane that provides the maximum margin between the 
two classes [Vapnik,2000]. 

The separating hyperplane will have the form: 𝑤 · 𝑥 + 𝑏 = 0, where w is the normal 
vector to the hyperplane, and the training data will satisfy the following constraints:  

�𝑥𝑖 · 𝑤 + 𝑏 ≥ 1,𝑦𝑖 = +1
𝑥𝑖 · 𝑤 + 𝑏 ≤ 1,𝑦𝑖 = −1

� → 𝑦𝑖(𝑥𝑖 · 𝑤 + 𝑏) ≥ 1,∀𝑖 Eq. (3-79) 

So in this context, the decision function of the SVM is given by: 

𝑓(𝑥) = 𝑠𝑔𝑛(𝑤 · 𝑥 + 𝑏) Eq. (3-80) 

and the margin is thus: 

𝑚 =
1

‖𝑤‖2 Eq. (3-81) 

As a result, we can find the maximum margin by minimizing ||w||2, subject to constraints 
defined by Eq. (3-79), i.e.  
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min
𝑤,𝑏

1
2
‖𝑤‖2 , 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖(𝑤 · 𝑥𝑖 + 𝑏) ≥ 1,∀𝑖 Eq. (3-82) 

 
Figure 3-5 Maximum margin hyperplane that separates two linearly separable classes 

In order to ease the practical use of constraints while forcing the training data to appear 
only in the form of dot products between vectors, the Lagrangian formulation (with 
positive Lagrange multipliers αi, for each of the inequality constraints, i=1,..,l) of the 
problem can be introduced, resulting in: 

𝐿𝑃 ≡
1
2
‖𝑤‖2 −�𝛼𝑖𝑦𝑖(𝑥𝑖 · 𝑤 + 𝑏)

𝑙

𝑖=1

+ �𝛼𝑖

𝑙

𝑖=1

 Eq. (3-83) 

In this Lagrangian formulation, the aim is to minimise LP with respect to w, b, and 
subject to the constraints that derivatives of LP with respect to all αi vanish and 𝛼𝑖 ≥
0,∀𝑖. This optimisation problem can be transformed into a dual form, where the 
objective is to maximise: 

𝐿𝐷 ≡�𝛼𝑖

𝑙

𝑖=1

−
1
2 � 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗�𝑥𝑖 · 𝑥𝑗�

𝑙

𝑖,𝑗=1

 Eq. (3-84) 

Subject to the constraints: 

�𝛼𝑖𝑦𝑖

𝑙

𝑖=1

= 0  

𝛼𝑖 ≥ 0,∀𝑖 

Eq. (3-85) 

Once the Lagrange multipliers have been determined, the normal vector w, can be 
derived (the threshold value b will be analise later on): 
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𝑤 = �𝛼𝑖𝑦𝑖𝑥𝑖

𝑙

𝑖=1

 Eq. (3-86) 

 
In this context, the hyperplane decision function can be written as: 

𝑓(𝑥) = 𝑠𝑔𝑛(�𝑦𝑖𝛼𝑖(𝑥 · 𝑥𝑖)
𝑚

𝑖=1

+ 𝑏) Eq. (3-87) 

From Eq. (3-87) we can state that the normal vector has an expansion in terms of a 
subset of the training patterns, 𝑇 = {(𝑥𝑖,𝑦𝑖)}𝑖=1𝑙 , specifically those patterns whose 
Lagrange multiplier is non-zero. This subset of training patterns are called Support 
Vectors, which actually are the data points that lie at the border between the two classes. 
The support vectors, xi, the Lagrange multipliers, αi, for each support vector and the 
bias term, b, are all obtained from the training set solving a Quadratic Programming 
(QP) problem.  

However, in real-life classification problems, data is not always linearly separable. In 
this case, [Vapnik,2000] introduce the use of slack variables, (𝜉𝑖 , 𝑖 = 1, … , 𝑙), which 
somehow measure the distance between a non-correct classifying training feature-vector 
and a margin. Using these slack variables we are allowing misclassification cases during 
the training phase. This approach is also known as soft-margin SVM. 
The slack variables relax the hard-margin constraints, resulting in: 

𝑦𝑖(𝑥𝑖 · 𝑤 + 𝑏) ≥ 1− 𝜉𝑖 ,∀𝑖 = 1, … , 𝑙 Eq. (3-88) 

In this case, the maximum margin classifier can be found by minimizing ||w||2, and an 
upper bound on the number of training errors, ∑ 𝜉𝑖𝑙

𝑖=1 , i.e.: 

min
𝑤,𝑏,𝜉

1
2
‖𝑤‖2 + 𝐶�𝜉𝑖

𝑙

𝑖=1

, 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖(𝑤 · 𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖 ,∀𝑖 = 1 … 𝑙 Eq. (3-89) 

where C > 0 is a regularisation constant that trades-off margin width vs. the number of 
misclassifications, a larger C corresponding to a higher misclassifications penalty. 
Rewriting again in terms of Lagrange multipliers, this leads to the dual problem in Eq. 
(3-84) subject to the following constraints: 

�𝛼𝑖𝑦𝑖

𝑙

𝑖=1

= 0  

0 ≤ 𝛼𝑖 ≤ 𝐶,∀𝑖 = 1, … , 𝑙 

Eq. (3-90) 

Thus the only difference is that we have established an upper bound for the Lagrange 
multipliers. An alternative to the C-SVM (already presented) is the so-called v-SVM 
[Chen,2005], [Schölkopf,2000]. This is a soft margin variant using v-parameterisation, 
where the primal problem can be formulated as minimising: 

𝐿𝑃 ≡
1
2
‖𝑤‖2 − 𝑣𝜌 +

1
𝑙 �𝜉𝑖

𝑚

𝑖=1

 Eq. (3-91) 
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subject to 

𝑦𝑖(𝑤 · 𝑥𝑖) + 𝑏 ≥ 𝜌 − 𝜉𝑖 , 𝑖 = 1, … , 𝑙 Eq. (3-92) 

And 

𝜌 ≥ 0, 𝜉𝑖 ≥ 0 Eq. (3-93) 

where v is the upper bound on the fraction of errors and at the same time the lower 
bound on the fraction of Support Vectors. 
An additional problem appears when the decision function is not a linear function of the 
data. In order to make this classification method useful for real-life applications, we 
need to find a way to deal with non-linear separable data. To address this problem, the 
kernel concept was introduced [Boser,1992]. Intuitively, the main idea behind this 
concept is that using a mapping from the input space to a high-dimensionality space, 
two classes (non-linearly separable in the input feature space) can be easily separable 
with a linear hyperplane in the high-dimensional space. This high-dimensional mapping 
could be problematic due to the curse of dimensionality; however, the SVM training 
criterion deals effectively with the problem [Campbell,2007]. 

Let Φ:ℝ𝑁 → ℱ be a nonlinear mapping, so that data x1...xn∈ℝ𝑁 is mapped into a 
potentially much higher dimensional feature space ℱ(also referred as Hilbert space): 

Φ:ℝ𝑁 → ℱ  

𝑥 → Φ(𝑥) 
Eq. (3-94) 

In this way, the learning algorithm, will work on the training set, 𝑇 = {(Φ(𝑥𝑖),𝑦𝑖)}𝑖=1𝑙 , 
instead on the one presented above: 𝑇 = {(𝑥𝑖,𝑦𝑖)}𝑖=1𝑙 . Taking into account that the 
training data only appears in the training procedure in the form of dot products, then in 
this new scenario, the training algorithm would only depend on the data through dot 
products in ℱ, i.e. Φ(𝑥𝑖)Φ�𝑥𝑗�. For certain feature spaces ℱ, and corresponding 
mappings Φ, we can compute the scalar product using kernel functions: 

𝐾�𝑥𝑖, 𝑥𝑗� = Φ(𝑥𝑖)Φ�𝑥𝑗� Eq. (3-95) 

So we do not need to explicitly know Φ. In this new context, the hyperplane decision 
function can be written as: 

𝑓(𝑥) = 𝑠𝑔𝑛(�𝑦𝑖𝛼𝑖𝐾(𝑥, 𝑥𝑖)
𝑚

𝑖=1

+ 𝑏) Eq. (3-96) 

The next question that must be answered is how this non-linear mapping affects the 
solution to the optimisation problem of finding w. Although the nonlinearities alter the 
quadratic form, the dual optimisation problem is still quadratic in α, thus the objective 
will be still to maximise: 

 180 



CLASSIFICATION METHODS 

𝐿𝐷 ≡�𝛼𝑖

𝑙

𝑖=1

−
1
2 � 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝐾�𝑥𝑖 · 𝑥𝑗�

𝑙

𝑖,𝑗=1

 Eq. (3-97) 

Subject to constraints defined by Eq. (3-85). 

3.4.2 Kernel functions 

We have introduced the concept of kernel function to deal with non-linear separable 
data. However, we must consider now how to determine the kernel functions, K, which 
corresponds to a dot product in some feature space, ℱ. In this case, a function, K, which 
satisfies Mercer’s condition is supposed to be a valid kernel function [Mercer,1909], 
[Vapnik,2000]. Mercer’s condition establishes that a space ℱ and a mapping Φ:ℝ𝑁 →
ℱ such that Eq. (3-95) holds, exists if given a Hilbert space, 𝐿2(𝐶)/𝐶 ⊂ ℝ𝑁: 

∀𝑓 ∈ 𝐿2(𝐶): � 𝐾(𝑥,𝑦)𝑓(𝑥)𝑓(𝑦)𝑑𝑥𝑑𝑦
𝐶𝑥𝐶

≥ 0 Eq. (3-98) 

We should point out that Mercer’s condition does not specify how to construct Φ or 
even what ℱ is. However, some simple rules for composing kernels, also satisfying 
Mercer’s condition, can be derived [Smola,2004]: 

• Positive linear combinations of kernels result in an admissible kernel, i.e., given 
two valid kernels k1, k2: 

𝐾(𝑥, 𝑦) = 𝑐1𝑘1(𝑥,𝑦) + 𝑐2𝑘2(𝑥,𝑦),∀𝑐1,𝑐2 ≥ 0 Eq. (3-99) 

is a valid kernel. 

• Product of admissible kernels results in an admissible kernel, i.e., given two 
valid kernels k1, k2: 

𝐾(𝑥,𝑦) = 𝑘1(𝑥, 𝑦)𝑘2(𝑥, 𝑦) Eq. (3-100) 

is a valid kernel. 

• If there exists a function, s(x,y), on χ x χ, such that: 

𝐾(𝑥,𝑦) = �𝑠(𝑥, 𝑧)𝑠(𝑦, 𝑧)𝑑𝑧
𝜒

 Eq. (3-101) 

Then K is an admissible kernel. 

• A translation invariant kernel K(x,y)=K(x-y) is an admissible kernel if and only 
if 

𝐹[𝐾](𝜛) = (2𝜋)−
𝑑
2 �𝑒−𝑖〈𝜛,𝑥〉𝐾(𝑥)𝑑𝑥

𝜒
≥ 0 Eq. (3-102) 

The simplest kernel function satisfying Mercer’s condition is the linear kernel, which is 
the identity mapping for the feature space mapping ( Φ(𝑥) = x), leading to: 
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𝐾(𝑥,𝑦) = 𝑥𝑇𝑦 Eq. (3-103) 

However, there are numerous forms of kernel functions commonly used [Vapnik,2000], 
[Vapnik,1996], apart from the linear kernel, such as: 

• The polynomial kernel: 

𝐾(𝑥, 𝑦) = �(𝑥𝑇𝑦) + 1�
𝑑

 Eq. (3-104) 

• Full polynomial kernel: 

𝐾(𝑥,𝑦) = �
(𝑥𝑇𝑦)
𝑎 + 𝑏�

𝑑

 Eq. (3-105) 

• Radial Basis Function (RBF): 

𝐾(𝑥,𝑦) = 𝑒𝑥𝑝(−𝛾|𝑥 − 𝑦|2) Eq. (3-106) 

• Two layer neural network, also kwon as sigmoidal kernel: 

𝐾(𝑥,𝑦) = tanh(𝑎(𝑥𝑇𝑦)− 𝑏) Eq. (3-107) 

• Linear splines: The inner product that generates splines of n-order on one 
dimension is: 

𝐾(𝑥, 𝑦) = � 𝑥𝑟𝑦𝑟
𝑛

𝑟=0
+ �(𝑥 − 𝑡𝑠)+𝑛(𝑦 − 𝑡𝑠)+𝑛

𝑁

𝑠=1

 Eq. (3-108) 

where: 

(𝑥 − 𝑡)+ = max{(𝑥 − 𝑡), 0}, 𝑡1, … , 𝑡𝑁 ∈ [0,1] Eq. (3-109) 

For the specific case of linear splines of 1st-order, with an infinite number of 
points, the following generating kernel is derived: 

𝐾(𝑥,𝑦) = 1 + 𝑥𝑦 + 𝑥𝑦min(𝑥, 𝑦) −
(𝑥 + 𝑦)

2
�𝑚𝑖𝑛(𝑥, 𝑦)�2

+
�𝑚𝑖𝑛(𝑥, 𝑦)�3

3  
Eq. (3-110) 

In the case of dealing with m-dimensional splines, the generating kernel is the 
product of m one-dimensional generating kernels: 

𝐾(𝑥, 𝑦) = � 𝐾𝑘(𝑥𝑘,𝑦𝑘)
𝑚

𝑘=1
 Eq. (3-111) 

• Kernels generating Fourier expansions: 
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The inner product in the following 2N+1 dimensional feature space: 
1
√2

, cos𝑥 , sin 𝑥 , … , cos𝑁𝑥 , sin𝑁𝑥 

Is defined by: 

𝐾(𝑥, 𝑦) =
1
2 + �(cos 𝑟𝑥 cos 𝑟𝑦 + sin 𝑟𝑥 sin 𝑟𝑦)

𝑁

𝑟=1

=
sin(𝑁 + 1 2⁄ ) (𝑥 − 𝑦)

sin 𝑥 − 𝑦
2

 
Eq. (3-112) 

However, two alternatives to this kernel have been proposed: 
o Weaker mode regularised Fourier kernel: 

𝐾(𝑥, 𝑦) =
𝜋

2𝛾

cosh𝜋 − |𝑥 − 𝑦|
𝛾

sinh𝜋𝛾
 Eq. (3-113) 

where 0 ≤ |x-y| ≤ 2π and γ is user defined. 

o Stronger mode regularised Fourier kernel: 

𝐾(𝑥,𝑦) =
1 − 𝛾2

2(1− 2𝛾 cos(𝑥 − 𝑦) + 𝛾2) Eq. (3-114) 

where 0 ≤ |x-y| ≤ 2π and γ is user defined. 
In the specific case of its application to speaker recognition, there are other alternatives 
based on sequence kernels, which have provided interesting results [Campbell,2007]. 
These sequence kernels, instead of modelling features from individual frames, aim at 
comparing speech utterances, i.e., model the entire sequence of feature vectors. 
Different approaches have been considered in the last years, which include the 
generalised linear discriminant sequence kernel [Campbell,2002-A], Fisher kernel 
methods [Fine,2001], [Wan,2003], [Jaakkola,1998], n-gram kernels [Campbell,2004-
A], maximum-likelihood linear regression (MLLR) transform kernels [Stolcke,2005] 
and GMM supervector kernels [Campbell,2006], [Campbell,2006-A]. 

3.4.3 Training algorithms 

So far we have presented the SVM basic theory for both linear and non-linear classifiers 
as well as for the separable and non-separable case, represented by the primal (LP) and 
dual (LD) functionals through Lagrangian formulation. No matter which case we are 
dealing with, the solution to the classification problem will be found by minimizing the 
LP or by maximizing LD, subject to their respective constraints. More specifically, in 
order to solve the support vector optimisation problem, a convex quadratic problem 
(QP) must be solved, i.e., it is necessary to solve: 

max
𝛼

�𝛼𝑖
𝑖

−
1
2�𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝐾�𝑥𝑖, 𝑥𝑗�

𝑖,𝑗

 Eq. (3-115) 

Under the following constraints: 
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0 ≤ 𝛼𝑖 ≤ 𝐶 Eq. (3-116) 

�𝛼𝑖𝑦𝑖 = 0
𝑖

 Eq. (3-117) 

When the amount of training data is small enough or when the support vectors from the 
training data can be known in advance, this optimisation problem can be solved 
analytically. However, this situation does not usually occur on a regular basis; and for 
most real cases, these equations must be solved numerically. In this last case, it is 
important to note that as the objective function is convex, then every (local) maximum 
is already a global maximum. Moreover, there can be several optimal solutions which 
may lead to different testing performances [Muller,2001]. For this reason, 
[Burges,1998] introduced three basic aspects that must be taken into account when 
addressing a solution to this problem: 

• The solution must satisfy the Karush-Kuhn-Tucker (KKT) optimality conditions, 
as these are necessary and sufficient conditions for the solution to be optimal. 
The KKT conditions for the dual SVM QP problem are particularly simple: 

𝛼𝑖 = 0 → 𝑦𝑖𝑓(𝑥𝑖) ≥ 1 𝑎𝑛𝑑 𝜉𝑖 = 0 

0 < 𝛼𝑖 < 𝐶 → 𝑦𝑖𝑓(𝑥𝑖) = 1 𝑎𝑛𝑑 𝜉𝑖 = 0 

𝛼𝑖 = 𝐶 → 𝑦𝑖𝑓(𝑥𝑖) ≤ 1 𝑎𝑛𝑑 𝜉𝑖 ≥ 0  

Eq. (3-118) 

where f(x) is the decision function characterised by Eq. (3-96). 
From the analysis of these conditions we can state that only the Lagrange 
multipliers, αi, associated with training data located either on the margin or 
inside the margin area are non zero. Additionally, taken into account that for all 
support vectors inside the margin area the associated slack variable, ξi, is zero, 
then the KKT conditions provide a way of deriving the threshold b, in the 
decision function. For any support vector, 𝑥𝑖/𝑖 ∈ 𝐼 = {𝑖: 0 < 𝛼𝑖 < 𝐶}, holds 

𝑦𝑖 �𝑏 + �𝑦𝑗𝛼𝑗𝐾�𝑥𝑖,𝑥𝑗�
𝑙

𝑗=1

� = 1  Eq. (3-119) 

Averaging over these patterns a numerically stable solution can be found: 

𝑏 =
1

|𝐼|�
�𝑦𝑖 −�𝑦𝑗𝛼𝑗𝐾�𝑥𝑖, 𝑥𝑗�

𝑙

𝑗=1

�
𝑖∈𝐼

 Eq. (3-120) 

However, an alternative threshold [Platt,1998] can be used: 

𝑏 = 𝑤 · 𝑥𝑘 − 𝑦𝑘 ,𝑓𝑜𝑟 𝑠𝑜𝑚𝑒 𝛼𝑘 > 0 Eq. (3-121) 

• Define a strategy for approaching optimality by uniformly increasing the dual 
objective function subject to the constraints. 

• As the amount of training data to handle can be quite large, it will be necessary 
to define a decomposition algorithm so that at any given time, only a small 
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fraction of these data will be considered in the search for a solution. Although, 
obviously, all training data must be taken into account in the process. 

A review of literature on solving quadratic problems is out of the scope of this chapter; 
however, the interested reader may find a good starting point in [Smola,2004] where 
some free or commercial packages and corresponding references, are introduced. 
Nevertheless, some classical approaches will be presented: 

• Chunking: This method proposed by [Vapnik,2006], is based on two important 
facts: only support vectors are important in the final solution which must satisfy 
the KKT conditions. Additionally, it uses the fact that the value of the quadratic 
form is the same if zero Lagrange multipliers are removed from the process. The 
algorithm starts selecting a small and arbitrary subset (chunk) of the training 
data, and solves the QP problem on that subset. The remaining training data are 
tested on the resulting classifier. In the next step, a new chunk is selected which 
contains all the support vectors already found (i.e. all non-zero Lagrange 
multipliers) and a set of the M (value decided heuristically) worst training cases 
that violate the KKT conditions. The process is continued until all data points 
are found to satisfy the KKT conditions. It should be noted, that the size of QP 
problems may vary through the process, but at the last iteration the entire set of 
non-zero Lagrange multipliers are identified and the QP problem is solved.  

• Decomposition methods: The decomposition methods are similar to chunking in 
the sense that they decompose the original problem into a sequence of small 
QPs, but in this case the size of the sub-problems is fixed. One example of 
decomposition method was presented in [Osuna,1997]. Like in the case of 
chunking, only a subset of the training data is evaluated at each step, moreover; 
in theory only one training point is deleted and added (one that does not hold 
KKT conditions) at each step, thus keeping the size of the QP constant. This 
algorithm is proved to converge to the global optimum in a finite number of 
iterations, as at each step at least one training sample violating the KKT is added 
to the QP sub-problem. Thus solving the QP sub-problem will reduce the overall 
objective function. However, as pointed out by [Platt,1999-A], replacing just 
one training sample at each time will lead to a very slow and computationally 
inefficient solution. To overcome this problem multiple examples are replaced at 
each step. 

• Sequential minimal optimisation (SMO): The SMO algorithm [Platt,1999-A] 
represents an extreme case of the decomposition method already presented, in 
which at each iteration only a QP problem of size two is solved. This fact 
constitutes both its main advantage and its main drawback. The main advantage 
because at each step the two-variable sub-problem can be analytically solved, 
thus no quadratic optimisation software is required. The main drawback, as the 
selection of two adequate variables in each iteration is not straight-forward. An 
additional aspect that must be taken into account is that SMO re-computes the 
threshold b after each step of the algorithm, based on the two Lagrange 
multipliers, which have been previously selected. 
Since at each step the algorithm selects and optimises two Lagrange multipliers, 
of which at least one does not satisfy the KKT conditions, the convergence is 
guaranteed as each step decreasing the objective function. The heuristics for 
selecting the two Lagrange multipliers for joint optimisation are based both on 
the KKT conditions and on the positive progress on the solution. 
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Figure 3-6 compares the size of the sub-set of training data used at each step of 
the different algorithms presented so far. 

step 1
step 2
step 3

step 1
step 2
step 3

step 1
step 2
step 3

CHUNKING

OSUNA

SMO

 
Figure 3-6 Comparative of three steps of the Chunking, Osuna and SMO 
training algorithms (extracted from [Platt,1999-A]). The horizontal solid line 
represents the training set, while the black boxes correspond to the Lagrange 
multipliers being optimised. 

3.4.4 Multi-class classification in SVMs 

As we have already presented, an SVM is a powerful discriminative binary classifier. 
However, this classifier can be modified to handle an N-class (N > 2) classification 
problem. In this case, the aim of the classifier is to assign a specific label, l, drawn from 
a finite set, L, of several elements from the test data. In other words, the multi-class 
classification problem can be defined as follows: 

• Given a training set, 𝑇 = {(𝑥𝑖,𝑦𝑖)}𝑖=1𝑙 , where xi denotes training vectors and yi 
denotes corresponding class labels ({1,...,n}) assigned to the feature vector, find 
a classifier with a decision function, f(x), such that y=f(x), where y∈{1,...,n} is 
the class label for x. 

Over the last years, different solutions have been proposed to solve this problem.  
When dealing with speaker recognition problems, the most used approach involves the 
decomposition of the multi-class problem into multiple binary classification problems 
and in the application of a decision strategy to decide on the class of the input pattern. 
Two-different strategies prevail, One-Against-One and One-Against-All, although the 
last one seems to be the preferred one [Karam,2007], [Campbell,2006], [Fauve,2007]. 

• One-Against-One strategy: 
In this approach, also known as one-versus-one or pairwise SVM [Kressel,1999] 
a binary classifier for each possible pair of classes is build. In other words, for a 
pair of classes, (c1, c2), an SVM is trained on the data from these two classes to 
discriminate between them. The training data must be relabelled so that labels 
+1 and -1 are assigned to the training data instead of labels {1,...,n}: 
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𝑦𝑖 = �+1 𝑖𝑓 𝑐𝑖 = 𝑐1
−1 𝑖𝑓 𝑐𝑖 = 𝑐2

� Eq. (3-122) 

In this approach, for an N-class problem, the total number of binary SVM 
classifiers that must be trained is 𝑁 ∗ (𝑁 − 1) 2⁄ . During the test phase different 
strategies have been applied. The simplest and most commonly used strategy is 
the max-wins voting [Friedman,1996]. The class assigned to a test pattern, x, is 
determined by testing the pattern into all the pairwise SVMs, and deciding on 
the class which has been selected more times in the binary comparisons. More 
specifically, given 𝑓𝑐𝑖𝑐𝑗 , the decision function for the pairwise SVM for the pair 
of classes (ci,cj), is defined as: 

𝑓𝑐𝑖𝑐𝑗(𝑥) = �1 𝑖𝑓 𝑥 𝑖𝑠 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑎𝑠 𝑏𝑒𝑙𝑜𝑛𝑔𝑖𝑛𝑔 𝑡𝑜 𝑐𝑖
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

� Eq. (3-123) 

The class label assigned to the test pattern can be expressed as: 

𝑓(𝑥) = max
𝑖
�𝑓𝑐𝑖𝑐𝑗(𝑥)
𝑗≠𝑖

 Eq. (3-124) 

In case two classes reach the same number of votes, an additional strategy must 
be defined to decide between them. An alternative to the voting-for approach is 
the vote-against principle presented by [Cutzu,2003], which allows the 
classification of an input in an unknown class, thus avoiding false acceptance 
errors. In this approach, if a pair wise classifier, 𝑓𝑐𝑖𝑐𝑗 , scores a test pattern as 
belonging to one of the classes, for instance ci, then they conclude x∉cj. 
Therefore, the voting scheme provides a vote against cj. 
More advanced methods include the use of decision graphs to determine the 
class that must be assigned to a test pattern. For instance, [Platt,1999-B] 
proposed the use of Directed Acyclic Graphs (DAG) for multiclass classification 
(see Figure 3-7). 

 
Figure 3-7 DAG for a 4-class classification problem, where each node 
represents a binary classifier. (Extracted from [Platt,1999-B]). 
In this approach, the class assigned to a test pattern is obtained using a rooted 
binary directed acyclic graph, where each node represents a binary classifier of 
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two different classes. In this case, only N-1 comparisons are required to provide 
the test pattern with a classification label. The test phase starts at root node 
where a decision is made between the two classes, rejecting one of them. 
Depending on the selected class, the process moves towards right or left node to 
a new node, where a new partial classification is performed. The process 
continues until a specific leaf, representing a specific class, is reached. 

• One-Against-All strategy: 
In this approach, also known as one-versus-rest, N binary classifiers will be 
trained [Vapnik,1998]. However, each binary classifier is trained so that it can 
discriminate between a specific class and the remaining class (N-1). That is to 
say, for each class n, the SVM is trained on the whole training data set, where n-
class data will be labelled as +1 whereas all the other training data (belonging to 
other classes) will be labelled as -1. In the test phase, a test pattern x, can be 
classified according to the winner-takes-all strategy. In other words, the label 
assigned to a test pattern will correspond to the class which obtains the highest 
value for the decision function (regardless of sign). Given the following decision 
function for class n, 

𝑓𝑛(𝑥) = �𝑦𝑖𝛼𝑖𝐾(𝑥, 𝑥𝑖)
𝑚

𝑖=1

+ 𝑏 Eq. (3-125) 

The test pattern is classified according to the following expression: 

𝑓(𝑥) = argmax
𝑘

𝑓𝑘(𝑥) Eq. (3-126) 

One important difference between the One-Against-One strategy and the One-
Against-All strategy resides in how efficiently a new class can be added to the 
classifier. This fact is important, for instance, when adding a new user to a 
speaker recognition system. In the first case, N new binary classifiers must be 
re-trained, while in the later all the binary classifiers already present in the 
system must be re-trained to include the new class in them, and additionally 
each of them must be trained on the whole training data. 

3.4.5 Available software tools 

In the case of support vector machines, there is a web-resource (URL: kernel-machines) 
devoted to learning methods among which are SVM. On this web site, we can find not 
only tutorials and publications related to SVM but also a list of SVM-related software 
tools. Some of the most commonly used or cited in the literature are the following. 
SVMlight [Joachims,1998] is an implementation of Vapnik's SVMs in C. The software is 
available for free for scientific use and can be found in the author’s website (URL: 
SVMLight). This software tool is suitable for classification, regression and ranking 
problems. 
Libsvm is open-source integrated software for support vector classification, regression 
and distribution estimation, supporting also multi-class classification. The software as 
well as the sources in java and C++ are available for direct download at the author’s 
website (URL: LIBSVM) 
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It is worth citing the LNKnet software package, as it has recently added SVM and naïve 
Bayesian Classifiers. This modular software package integrates different neural 
networks, statistical and machine learning classification, clustering, and feature 
selection algorithms. The software package as well as the source code for individual 
programs can be downloaded from the website (URL: LNKnet). What is also interesting 
about this software package is that it integrates an easy-to-use GUI for running 
experiments. 

Torch (URL: TORCH) software represents state-of-the-art machine learning algorithms. 
Developed in C++, and distributed under BSD license, it provides support for neural 
networks, support vector machines (in classification and regression), hidden Markov 
models, Gaussian mixture models, etc. The new version, Torch5 (URL: TORCH5), 
provides also a Matlab-like environment. 
Again, MATLAB (URL: MathWorks) also provides a set of functions for statistical 
learning in the Bioinformatics toolbox. This set of functions allows the train of an SVM 
classifier, to classify data using an SVM or even evaluate the performance of the 
classifier among others. Different kernel functions are supported for training: Linear 
kernel, Quadratic kernel, Gaussian Radial Basis Function kernel with a default scaling 
factor (sigma) of 1, Polynomial kernel with a default order of 3 or Multilayer Perceptron 
kernel with default scale and bias parameters of [1, -1]. 

3.5 NEW TRENDS IN CLASSIFICATION METHODS 

3.5.1 Supervector methods 

In section 3.4.2, we have briefly introduced sequence kernels, also referred as dynamic 
kernels, as an alternative to classical kernels in SVM. This concept is actually closely 
related with a new trend in speaker recognition known as supervectors. The aim of 
supervectors is to provide a robust representation of utterances through the use of just a 
single vector in a high-dimensional space, allowing sequences of different durations to 
be compared and classified directly using traditional machine learning approaches, such 
as SVMs. Moreover, as pointed out by [Kinnunen,2010], a conventional adapted 
Gaussian mixture speaker model can be also regarded as a supervector. A more formal 
definition of supervector is also formulated as: any high- and fixed-dimensional 
representation of an utterance. 
Speech utterances are usually parameterised as a sequence of observations 
O={o1,…,oN}, where different utterances result in different length observation 
sequences. In this context, dynamic kernels can be characterised as: 

𝐾�𝑂𝑖,𝑂𝑗� = 〈𝜙(𝑂𝑖, 𝜆),𝜙�𝑂𝑗 ,𝜆�〉 Eq. (3-127) 

Where 𝜙(𝑂,𝜆) is a function that maps a speech utterance into a fixed- and usually high-
dimensional space, and the kernel defines a distance between two different points 
(utterances) in the SVM feature space. 

With this kernel, a speaker-decision boundary (i.e. a speaker model) can be trained 
given a data set of speech 
utterances �𝑂𝑡𝑔𝑡1 ,𝑂𝑡𝑔𝑡2  , … ,𝑂𝑡𝑔𝑡𝑁  ,𝑂𝑁𝑜𝑛𝑡𝑔𝑡1 ,𝑂𝑁𝑜𝑛𝑡𝑔𝑡2 , … , ,𝑂𝑁𝑜𝑛𝑡𝑔𝑡𝑀�, where Otgt 

represents target speaker utterances and ONontgt represents alternative speakers. Given 
this speaker model, S, a test utterance OT can be scored using: 
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𝑆(𝑂𝑇 ,𝑆) = � 𝛼𝑖𝑦𝑖𝐾(𝑂𝑖,𝑂𝑇)
𝑁

𝑖=1
+ 𝑏

→ � < 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 → 𝑖𝑚𝑝𝑜𝑠𝑡𝑜𝑟 (𝑟𝑒𝑗𝑒𝑐𝑡) 
≥ 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 → 𝑡𝑎𝑟𝑔𝑒𝑡 𝑠𝑝𝑒𝑎𝑘𝑒𝑟 (𝐴𝑐𝑐𝑒𝑝𝑡)

� 
Eq. (3-128) 

Therefore, the issues to be addressed when using supervectors in the context of 
sequence kernel SVMs applied to speaker recognition can be summarised in Figure 3-8. 

 
Figure 3-8 Block diagram description showing the main concepts involved in the 
sequence kernel SVM modelling approach. 

Depending on the function 𝜙(𝑂,𝜆), the dynamic kernels can be characterised into two 
different classes: parametric kernels and derivative kernels [Longworth,2009]. In the 
first case, an utterance will be used to train a generative model, whose parameters form 
a feature vector which is the representation of the utterance in a fixed- and high-
dimensional representation space. Different approaches have been used to build the 
generative model on which this approach depends, for instance, [Stolcke,2005] 
introduced the MLLR kernel, [Ferras,2007] proposed the CMLLR kernel, 
[Campbell,2006-B], [Campbell,2006] presented the GMM-supervector kernel whereas 
[Yang,2007] applied the CAT kernel. In the case of derivative kernels, the partial 
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derivatives of the utterance log-likelihood respect to individual model parameters are 
used instead of the model parameters. [Wan,2005] proposed the use of score-space 
kernels, which are a generalisation of the Fisher kernels [Jaakkola,1998], for speaker 
verification. 

• GMM-supervector (GSV) kernel: As previously said, the GMM-UBM has 
become the de facto reference in speaker recognition systems. The existence of 
the background model provides a straightforward way to map a new utterance 
into a high-dimensional vector. According to theory a new GMM speaker model 
can be trained, given a new speaker utterance, by MAP adaptation of the means 
of the UBM, 𝜆𝑈𝐵𝑀 = {𝑤𝑖;𝜇𝑖; Σ𝑖}𝑖=1𝑁 . Thus the GMM supervector can be 
obtained by stacking the means of the adapted mixture components into a single 
vector. 
In order to apply an SVM classifier, the next step consists in defining an SVM 
sequence kernel that allows comparing two speech utterances, a and b, 
represented by their corresponding supervectors: 𝜆𝑎 = {𝑤𝑖 ,𝜇𝑖𝑎 , Σ𝑖}𝑖=1𝑁 → 𝑆𝑉𝑎 =
{𝜇𝑖𝑎}𝑖=1𝑁  and 𝜆𝑏 = �𝑤𝑖 , 𝜇𝑖𝑏 , Σ𝑖�𝑖=1

𝑁
→ 𝑆𝑉𝑏 = �𝜇𝑖𝑏�𝑖=1

𝑁
. This sequential kernel is 

referred as GMM SuperVector linear kernel (also known as GSV kernel). The 
main idea consists in bounding the Kullback-Leibler (KL) divergence using the 
log-sum inequality between the two utterances. Assuming diagonal covariances, 
the kernel function defining the inner product can be expressed as 
[Campbell,2006-B]: 

𝐾(𝑎,𝑏) = �𝑤𝑖(𝜇𝑖𝑎)𝑡Σ𝑖−1𝜇𝑖𝑏
𝑁

𝑖=1

= ���𝑤𝑖Σ𝑖
−12𝜇𝑖𝑎�

𝑡

��𝑤𝑖Σ𝑖
−12𝜇𝑖𝑏�

𝑁

𝑖=1

 

Eq. (3-129) 

Following this idea, an alternative method to find distances between GMM 
supervectors is proposed in [Campbell,2006-A]. In this case, using the standard 
inner product in function spaces and considering that means from different 
mixture components are far apart, we can derive the following kernel: 

𝐾(𝑎, 𝑏) = �𝑤𝑖2𝒩�𝜇𝑖𝑎 − 𝜇𝑖𝑏 ; 0,2Σ𝑖�
𝑁

𝑖=1

= �𝑤𝑖2
1

(2𝜋)𝐷 2� �2Σ𝑖
𝑒−

1
2�𝜇𝑖

𝑎−𝜇𝑖
𝑏�

𝑡
(2Σ𝑖)−1�𝜇𝑖

𝑎−𝜇𝑖
𝑏�

𝑁

𝑖=1

 

Eq. (3-130) 

Working in the same direction of using KL divergence between GMMs, 
[Dehak,2006] proposed a probabilistic distance kernel, but in this case applying 
an exponential version of the distance. The derived kernel aims at finding the 
similarity between probability densities: 

𝐾�𝑃(𝑥|𝜆𝑎),𝑃(𝑥|𝜆𝑏)� = 𝑒−𝐷2�𝑃(𝑥|𝜆𝑎),𝑃(𝑥|𝜆𝑏)�

= 𝑒
−∑ ∑ 𝑤𝑖

�𝜇𝑖,𝑑
𝑎 −𝜇𝑖,𝑑

𝑏 �
2

Σ𝑖,𝑑
2

𝐷
𝑑=1

𝑁
𝑖=1

 
Eq. (3-131) 
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where D(), corresponds to the Euclidean distance between two GMM models in 
the model space. Additionally, they performed a normalisation of all the speaker 
adapted GMM supervectors to have a constant distance from the UBM. 

• MLLR kernels: As previously described in section 3.3.2 Maximum Likelihood 
Linear Regression (MLLR) has been used in speaker recognition as an 
alternative to MAP adaptation of UBM. In the MLLR approach, a single affine 
transform is applied to the mean vectors of a speaker-independent model to 
obtain the adapted speaker-dependent model means: 

𝜇𝑖
𝑠𝑝𝑒𝑎𝑘𝑒𝑟 = 𝐴𝜇𝑖𝑈𝐵𝑀 + 𝑏 Eq. (3-132) 

where A and b are the transform parameters which can be estimated so as to 
maximise the likelihood of the training data. These MLLR transformation 
parameters can be used as inputs to an SVM, as proposed in [Karam,2007] or 
[Stolcke,2007-A]. Although the MLLR adaptation method is used in both cases, 
the main difference lies in the universal model used (GMMs versus HMMs 
respectively). In [Stolcke,2007-A], a set of different transforms corresponding to 
context-dependent phone (triphones) classes, represented by their corresponding 
HMMs, are estimated for each speaker. In the case of [Karam,2007], MLLR 
adaptation is applied to adapt the means of an UBM represented by 𝜆𝑈𝐵𝑀 =
{𝑤𝑖; 𝜇𝑖; Σ𝑖}𝑖=1𝑁 , given a training utterance a. As a result a MLLR transform 
vector, τa, is obtained, by stacking the transposed rows of parameter A separated 
by the corresponding entries b, which is the representation of the input utterance 
in a high-dimensional space. Additionally, a nonlinear kernel in MLLR 
transform-vector space is introduced. This kernel is characterised as: 

𝐾(𝑎, 𝑏) = ���Δi(𝐴𝑎𝜇𝑖 + 𝑏𝑎)�
𝑡
��Δi(𝐴𝑏𝜇𝑖 + 𝑏𝑏)�

𝑁

𝑖=1

= 𝜏𝑎𝑡𝑄𝜏𝑏 Eq. (3-133) 

where, Δ𝑖 = 𝑤𝑖Σ𝑖−1, and Q is a block diagonal matrix consisting of M blocks Bk 
of size (M+1)x(M+1), 

𝐵𝑘 = �
𝑅𝑘 𝑟𝑘
𝑟𝑘 𝛿𝑘

� Eq. (3-134) 

where M is the number of rows in A and: 

𝑟𝑘 = �Δ𝑖𝑘�̅�𝑖

𝑁

𝑖=1

  

𝛿𝑘 = �Δ𝑖𝑘

𝑁

𝑖=1

 

𝑅𝑘 = �Δ𝑖𝑘𝜇𝑖𝜇𝑖𝑡
𝑁

𝑖=1

 

Eq. (3-135) 

• CMLLR kernel: A variation of the MLLR kernels can be found in 
[Ferras,2007]. In this case, Constrained MLLR (CMLLR) is applied to adapt the 
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GMM/UBM to a specific speaker. CMLLR forces the transformation parameters 
estimated for means and variances to be the same, i.e.: 

𝜇𝑖
𝑠𝑝𝑒𝑎𝑘𝑒𝑟 = 𝐴𝜇𝑖𝑈𝐵𝑀 + 𝑏  

Σ𝑖
𝑠𝑝𝑒𝑎𝑘𝑒𝑟 = 𝐴Σ𝑖𝐴𝑡 

Eq. (3-136) 

Additionally, the transform estimated via CMLLR can also be applied at feature 
level: 

𝑜�𝑡 = 𝐴−1𝑜𝑡 + 𝐴−1𝑏 Eq. (3-137) 

where ot is the feature vector observed at instant t. 

After the CMLLR transforms are estimated for each speaker, and rearranged as 
vectors, Principal Component Analysis [Schölkopf,1997] is applied to reduce 
dimensionality and a liner kernel is lately applied to train the SVM. 

• CAT Kernel: The CAT (Cluster Adaptive Training) kernel, proposed in 
[Yang,2007] actually makes use of a variation of the kernel in [Campbell,2006-
B], but with a different set of features. In this approach, each speaker is 
represented by a feature vector which results from stacking the cluster weights 
extracted during the cluster adaptive training process. In order to characterise a 
speaker, 𝜆𝑠 =  �𝜆𝑠1

𝑔 … 𝜆𝑠𝐶
𝑔 �

𝑔=1
𝐺

, Gaussian components are classified into multiple 
groups ([Yang,2007] reported results taking G=1, 4, 8, 12), and a set of separate 
set of cluster weights ([Yang,2007] reported results taking C=100, 200, 300, 
400, 500}) are calculated for each group. The cluster weights are estimated 
through the EM algorithm. 

In this case, assuming that two utterances a and b are represented by their 
respective CAT weights �𝜆𝑎

𝑔�
𝑔=1

𝐺
 and �𝜆𝑏

𝑔�
𝑔=1

𝐺
, they define the kernel: 

𝐾(𝑎,𝑏) = ���𝑤𝑔C𝑔
−12𝜆𝑎

𝑔�
𝑡

��𝑤𝑔C𝑔
−12𝜆𝑏

𝑔�
𝐺

𝑔=1

 Eq. (3-138) 

where wg is the weight for the gth group (equal for all the groups) and Cg is the 
covariance of the weight vectors in the gth group.  

• GLDS kernel: The Generalised Linear Discriminant Sequence (GLDS), 
proposed in  [Campbell,2006], uses an explicit mapping of a speaker utterance, 
x, into the kernel feature space using a monomial expansion (actually monomials 
up to degree 3 are used), b(x) defined as: 

𝒃(𝑥) = [𝑏1(𝑥) 𝑏2(𝑥) …  𝑏𝑘(𝑥)]𝑡 Eq. (3-139) 

where 𝑏𝑖(𝑥):ℝ𝐷 → ℝ with D being the dimension of x, and typically 𝑏1(𝑥) = 1. 
During training, each utterance, x={x1…xNz}, (either from target or from 
background speakers) is represented by the average expanded feature vector, and 
variance-normalised using just the background utterances: 
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𝑥 → 𝑏�𝑥 = 𝑉𝑁 �
1
𝑁𝑧�𝑏(𝑥𝑖)

𝑁𝑧

𝑖=1

� Eq. (3-140) 

This set of supervectors, �𝑏�𝑥�, with their corresponding classification labels 
lx∈{+1,-1}, is used to train an SVM using a standard linear kernel, leading to a 
speaker model that can be expressed as:  

𝑤𝑠𝑝𝑒𝑎𝑘𝑒𝑟 = �𝛼𝑖𝑙𝑖𝑏�𝑖

𝑠𝑣

𝑖=1

+ 𝒅 Eq. (3-141) 

where sv is the number of support vectors. This characterisation of a speaker, 
allows for a rapid scoring of a given input utterance, y={y1,…,yn}, by evaluating 
the normalised average mapping (using Eq. (3-140)) and computing: 

𝑠𝑐𝑜𝑟𝑒 = 𝑤𝑠𝑝𝑒𝑎𝑘𝑒𝑟𝑏�𝑦  Eq. (3-142) 

• Score-space kernels: Derivative kernels have also been applied to speaker 
verification tasks. In this regard, [Wan,2005] propose the use of score-space 
kernels, which are based on generative models (such as GMMs) and constitutes 
a generalisation of the Fisher kernels [Jaakkola,1998]. In this approach, instead 
of using the model parameters as the extended feature-space, the partial 
derivatives of the utterance log-likelihood with respect to individual model 
parameters (weights, means and covariances of the GMM) are used. The 
mapping of a particular utterance, x, given a specific GMM, 𝜆𝑠 = {𝑤𝑖; 𝜇𝑖; Σ𝑖}𝑖=1𝑁 , 
is thus characterised as: 

𝜓𝐹(𝑥) = 𝐹(log𝑃(𝑥|𝜆𝑠)) Eq. (3-143) 

where ψF(x) is the score-vector and F is typically one of the mapping functions 
in Table 3-1. 
[Wan,2005] report results using both the Fisher kernel with and without 
incorporating the log-likelihood ratio in the feature expansion and the 
Likelihood-ratio kernel, which instead of applying the mapping function to 
log𝑃(𝑥|𝜆𝑠) on a specific speaker model, use the following expression as input: 

log𝑃(𝑥|𝜆𝑠)
log𝑃(𝑥|𝜆𝑈𝐵𝑀) Eq. (3-144) 

Mapping function Expression 
First derivative F=∇λ 
First derivative and log-likelihood ratio F=[∇λ,1]T 
First and second derivative F=[∇λ, ∇ 2λ]T 

Table 3-1 Some examples of mapping functions 
However, the features produced in the different approaches (either derivative or 
parametric) may have different properties and to some extent be complementary. For 
this reason, different works proposed the fusion of these methods, such as 
[Longworth,2009] where parametric and derivative approaches were fused at kernel 
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level and at score level or in [Li,2009] where seven classifiers (among which we can 
cite GMM–UBM, GLDS-SVM and GSV-SVM) were fused at the score level. 
[Sturim,2009] also report improvements in the recognition rates by combining SVM 
classifiers based upon GMM-supervector kernels and MLLR kernels. 
One important issue when dealing with supervectors is the high dimensionality of the 
representation of the utterances in the new feature space. To deal with this problem a 
dimensionality reduction technique can be applied as early noted in CMLLR kernel 
section. One of the most used techniques which has also been used in some of the 
experiments conducted in this thesis is Principal Component Analysis (PCA) which is 
briefly presented below: 

• PCA 
Since its introduction in 1993 [Hotelling,1933], PCA, which is one of the most 
powerful tools for high dimensional multivariate analysis, has been widely used 
in pattern recognition especially in face recognition [Sharkas,2008], as well as in 
speaker recognition [Zhao,2009], [Zhang,2003]. PCA is not only a mathematical 
method to reduce the dimensionality of the data without losing too much 
information (i.e., retaining most of the variations present in the original data), 
but a way to identify patterns in the data as it extracts orthogonal principal 
components with largest magnitudes, thus highlighting the similarities and 
differences. A deep review can be found in [Jolliffe,2002]. 

The objective of this method is to find a projection WPCA, such that when applied 
to the original data, R, it is projected to a new lower dimensional subspace, r, 
describing most of the variability in the training matrix. 

r=WPCAxR Eq. (3-145) 

Considering that we have a training data set composed by {u1,u2,…,uN} 
utterances, represented in an F-dimensional space, from N different speakers, in 
order to obtain the transformation matrix, WPCA, the following steps must be 
followed: 

o Normalise original data subtracting the mean from each of the data 
dimensions. After this process we get mean centred training data 
{w1,w2,…,wN} which is used to build the matrix W. 

o Estimate the square and symmetric covariance matrix C=WTW of order 
NxN.  

o Perform eigenvalue decomposition of covariance matrix to get the 
eigenvectors ei and corresponding eigenvalues, λi. 

o Build matrix E by re-arranging eigenvectors ei, in such a way that 
eigenvectors associated with largest eigenvalues appear first in the 
matrix. In other words, eigenvectors are ordered by eigenvalue, from 
highest to lowest, representing the components by significance. 

o In order to reduce the dimensionality of the data, a selection of the M 
first eigenvectors, such that M<N, with the largest eigenvalues is done, 
obtaining WPCA, with the selected eigenvectors being the columns of 
WPCA. 
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It must be noted that in order to work properly, the normalisation step performed 
on the training data must be carried out also on the test data. 
One of the main advantages of this method is not only that it reduces the 
dimensionality of the data, but as the process of obtaining the matrix 
transformation only requires matrix multiplications, the complexity and time 
consumed by the pattern recognition system can be considerably reduced. 

Another important issue when dealing with supervectors, which also appears in the case 
of GMM-based speaker recognition systems, is how to address inter-session variability. 
In this approach, each utterance is mapped to a single point in a higher dimensional 
space, so differences due channel mismatch, handset variability, etc. in utterances 
recorded from the same speakers may cause performance degradation unless session 
compensation methods are applied. Two of the session compensation methods widely 
applied in the GMM and SVM speaker recognition systems are, Joint Factor Analysis 
(JFA) [Kenny,2005-A], [Kenny,2008], [Vogt,2008] and Nuisance Attribute Projection 
(NAP) [Solomonoff,2004], respectively. [Fauve,2007] present a comparative 
interpretation of both approaches applied on the same dataset. 

• JFA 
Joint factor analysis, introduced into speaker verification by [Kenny,2005-C], 
[Vogt,2008], aims at modelling speaker and session variability in generative-
based models (for instance, GMMs) through the use of traditional statistical 
methods. In this approach, the way to deal with channel and speaker variability 
is to assume that a given speaker can be characterised by a speaker- and channel-
dependent supervectors as: 

𝑀 = 𝑠 + 𝑐 Eq. (3-146) 

where s represents the speaker-dependent component/supervector and c is the 
session-dependent component/supervector, both of them statistically 
independent and assumed to have a standard normal distribution.  

Without taking into account the intersession variability, the speaker dependent 
supervector can be adapted from a speaker-independent model combining the 
priors for classical MAP and eigenvoice MAP approach. In this way s can be 
decomposed in: 

𝑠 = 𝑚 + 𝑣𝑦 + 𝑑𝑧 Eq. (3-147) 

where m represents the speaker- and session-independent component. The 
supervector defined by a C component UBM trained from F-dimensional 
acoustic feature vectors may serve as an estimate of m. Thus m is a CFx1 matrix. 
v is a rectangular low rank matrix (CFxRs, where Rs is the number of speaker 
factors) whose columns are also known as eigenvoices. y is an independent 
random vector having standard normal distribution, whose components are 
known as speaker factors. d is a CFxCF residual diagonal matrix. Finally, z is 
CF-dimensional independent random vectors having standard distribution. 
Taking into account these assumptions, s is normally distributed with mean m 
and covariance matrix vvt+d2. 
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In order to deal with channel-adaptation, it is assumed that the speaker and 
channel-dependent supervectors for different recordings of a given speaker have 
a Gaussian distribution centred on the speaker’s supervector. In other words, 
applying eigenchannel MAP the channel factors and the corresponding 
eigenchannels can be estimated so that c can be characterised as: 

𝑐 = 𝑢𝑥 Eq. (3-148) 

where u is a rectangular low rank matrix (CFxRC, where RC is the number of 
channel factors) whose columns are also known as eigenchannels and the 
components of normally distributed random vectors, x, are known as channel 
factors. 

Replacing Eq. (3-147) and Eq. (3-148) in Eq. (3-146), the speaker- and channel-
dependent supervector can be expressed as: 

𝑀 = 𝑚 + 𝑣𝑦 + 𝑑𝑧 + 𝑢𝑥 Eq. (3-149) 

The factor analysis model can be specified by the quintuple Λ={m,v,d,u,Σ}, 
where an estimate of Σ can be the UBM covariance matrices conveniently 
arranged to form a diagonal CFxCF matrix. Thus, the underlying task in FA is 
to estimate the hyperparameters v, d and u from a suitable database in which 
sufficient recordings from multiple speakers are available from multiple 
sessions. Additionally the speaker and session factors for each target speaker 
must be estimated from enrolment data. Although a deep review and practical 
implementation for hyperparameter estimation can be found in [Kenny,2008], 
[Matrouf,2007], [Yin,2007], a hint on the main steps is given below: 

o 1st: Train the eigenvoice matrix, v, assuming that matrices u and d are 
zero. 

o 2nd: Train the eigenchannel matrix u, given the estimate of v, and 
assuming that d is zero. 

o 3rd: Train the residual matrix d, given the estimates of v and u.  
o Using the matrices, the next step consists in computing the speaker-, 

channel- and residual-factors. 
o The final score is computed using the matrices and factors. Different 

scoring approaches have been tested in this context, having been 
compared in [Glembek,2009]. 

Although the application of this method has been successfully tested in SR 
systems, it shows some performance degradation when there is a mismatch 
between the training and test utterance lengths as pointed out by 
[Kinnunen,2010]. 

• NAP 
The aim of NAP is to remove e the dimensions which are related with inter-
session or channel variability (i.e. nuisance effects) from the original expanded 
space, therefore irrelevant for speaker recognition. This is actually done by 
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projecting out a subspace using an appropriate projection matrix, P, which is 
equivalent to develop a modified kernel which projects out channel effects. 
Although the interested reader may refer to [Solomonoff,2004], 
[Solomonoff,2005] for theory foundations of this compensation method, a 
description from a practical point of view of the method is presented in 
[Brummer,2007], [Fauve,2007]. As already said, the aim of the method is to find 
a transformation from the original expanded space into the NAP-subspace in 
which the unwanted variability is removed. For each utterance, Oi, on the 
training set (no matter whether it belongs to a target or background speaker), the 
following transformation is applied: 

𝜙�(𝑂𝑖 ,𝜆) = 𝑃�𝜙(𝑂𝑖,𝜆)� = (𝐼 − 𝑆𝑆𝑡)𝜙(𝑂𝑖, 𝜆)
= 𝜙(𝑂𝑖,𝜆) − 𝑆�𝑆𝑡𝜙(𝑂𝑖, 𝜆)� 

Eq. (3-150) 

where 𝜙(𝑂𝑖, 𝜆), is the function that maps the utterance Oi into its corresponding 
supervector of dimension D, 𝜙�(𝑂𝑖, 𝜆) representing the NAP-transformed 
supervector, and S (also referred to as the eigenchannel adaptation matrix) 
defines the orthonormal NAP-subspace.  
In order to estimate the eigenchannel adaptation matrix, we may proceed in the 
following manner. Assuming the existence of a background set of utterances 
from a number, R, of different speakers, recorded in different sessions, H, we 
define the expansion space data matrix as: 

𝐴 = �𝜙(𝑂11,𝜆) ⋯ 𝜙�𝑂1
𝐻1 ,𝜆�⋯𝜙(𝑂𝑅1 , 𝜆) ⋯ 𝜙�𝑂𝑅

𝐻𝑅 , 𝜆�� Eq. (3-151) 

where 𝑂𝑖
𝑗, represents the jth utterance/session for speaker I, and N=H1+…+HR. 

For each speaker, a session average supervector, 𝜙�(𝑂𝑖, 𝜆), is computed and then 
removed from each supervector: 

𝜙��𝑂𝑖
𝑗 , 𝜆� = 𝜙�𝑂𝑖

𝑗 ,𝜆� − 𝜙�(𝑂𝑖, 𝜆),∀𝑗 Eq. (3-152) 

leading to the average normalised expansion space data matrix: 

�̃� = �𝜙�(𝑂11,𝜆) ⋯ 𝜙��𝑂1
𝐻1 ,𝜆�⋯𝜙�(𝑂𝑅1 , 𝜆) ⋯ 𝜙��𝑂𝑅

𝐻𝑅 , 𝜆�� Eq. (3-153) 

In this process, matrix �̃�, with dimension DxN, is supposed to retain the 
nuisance variability whereas most of the speaker variability has been removed. 
The next step is to empirically define the dimension, K, of the NAP-transform, 
which defines the subspace of high variability. Once the dimension is 
established, the matrix which defines a base to the subspace can be estimated 
solving an eigenvalue problem on the covariance matrix, C=�̃��̃�𝑡. For this 
purpose, Principal Component Analysis (PCA) can be used to calculate the K 
eigenvectors with highest eigenvalues, when linear kernels are used. In the case 
of using nonlinear kernels in the SVM, kernel PCA [Solomonoff,2004] can be 
used instead. At the end of this process and after applying some normalisation 
steps, the matrix S (of size DxK) is obtained.  
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It is important to note that NAP also removes speaker-specific information, so 
alternative discriminative methods which aim to introduce between class scatter 
information in the NAP-transform, such as Scatter Difference Analysis 
[Vogt,2006] have been proposed to overcome this problem. 

3.5.2 i-vectors 

In the latest NIST SRE evaluation, many sites have used sub-systems based on total 
variability spaces, also known as i-vectors. This approach has its starting point in two 
methods already presented, namely JFA and SVMs. In [Dehak,2009-C] the use of 
speaker factors as input to an SVM classifier was proposed. Channel factors were 
originally neglected as they are supposed to provide information about channel effects. 
However, it was found [Dehak,2009-A] that channel factors estimated using JFA also 
contain information about speakers. 

In this new scenario, [Dehak,2009-B] proposed the used of factor analysis as a feature 
extractor, which instead of independently model speaker and channel variability in a 
high dimension space of supervectors, defines a new low-dimensional space which aims 
at representing speaker and channel variability simultaneously. This new space, known 
as total variability space, is characterised by the total variability matrix that contains the 
eigenvectors corresponding to the largest eigenvalues of the total variability covariance 
matrix. As no distinction between the speaker effects and the channel effects are made 
in GMM supervector space, a new utterance can be defined by the supervector: 

𝑀 = 𝑚 + 𝑇𝑤 Eq. (3-154) 

Like in JFA (previously presented), m represents the speaker- and session-independent 
component. The supervector defined by a C component UBM trained from F-
dimensional acoustic feature vectors may serve as an estimate of m. T, which is a low 
rank rectangular matrix, represents the total variability matrix. w represents the 
coordinates of the utterance/speaker in the total variability space. The components of w 
are known as total factors, while the whole vector (which has a standard normal 
distribution) is also known as the i-vector. Similar to JFA, M is normally distributed 
with mean m and covariance matrix TTt. 

The total factor vector w for a given utterance U={u1,…,uK}, characterised by a set of F-
dimensional vectors, can be regarded as a hidden variable whose posterior distribution 
can be determined using Baum-Welch statistics from the UBM characterised by 
λUBM={wc,µc,Σc}c=1…C, where C is the number of mixture components. Eq. (3-155) 
defines how the i-vector w, for the given utterance can be obtained: 

𝑤 = �𝐼 + 𝑇𝑡Σ−1𝑁(𝑢)𝑇�
−1
𝑇𝑡Σ−1𝐹�(𝑢) Eq. (3-155) 

where: 

• Σ is the CFxCF diagonal covariance matrix that models the residual variability 
not captured by T, 

• N(u) is a CFxCF diagonal matrix whose are Nc(u)I, being Nc(u) is the sum over 
all feature vectors of U of the posterior probability of generating each vector by 
the corresponding mixture c, 
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𝑁𝑐(𝑢) = �𝑃(𝑐|𝑢𝑘,𝜆𝑈𝐵𝑀)
𝐾

𝑘=1

 Eq. (3-156) 

• 𝐹�(𝑢) is a supervector of dimension CFx1 obtained by concatenating all the 
centralised first order Baum-Welch statistics 𝐹�𝑐(𝑢), where: 

𝐹�𝑐(𝑢) = �𝑃(𝑐|𝑢𝑘, 𝜆𝑈𝐵𝑀)
𝐾

𝑘=1

(𝑢𝑘 −𝑚𝑐) Eq. (3-157) 

and mc is the mean of the mixture component c. 

• The matrix T can be trained following the same procedure as the one used to 
train the eigenvoice matrix v in the FA approach (proposition 3 in [Kenny,2005-
B]). The main difference remains in the fact that instead of providing a 
supervector per speaker, a supervector per utterance is used instead. In other 
words, each utterance from a given speaker is supposed to be produced by 
different speakers. 

The major problem to be faced during the estimation of T is the need for a large amount 
of application-specific training data. To overcome this problem [Senoussaoui,2010] 
successfully proposed the use of alternative context data as a complement to the 
available one. Another problem that may arise also related with the amount of training 
data relies in the fact that the process of training the matrix T can be very expensive 
both in terms of memory and speed. To overcome this problem [Glembek,2011] 
presented some simplifications that can be applied to the process without losing too 
much accuracy in terms of recognition rates. A complete description of the process to 
obtain the i-vector from a given utterance can be found in [Dehak,2010]. 
Besides the different systems submitted to NIST SRE 2010 having successfully used 
this approach, [Senoussaoui,2010], [Dehak,2009-A], [Dehak,2009-B], [Dehak,2009-C] 
have also presented interesting results. In these works, a fast scoring procedure based on 
the cosine kernel, without using the SVM approach, has been proposed. The cosine 
kernel distance between the i-vector of an enrolment utterance and the i-vector of a test 
segment is compared to a decision threshold,θ, to accept or reject a given trial. As no 
target model is required, and i-vectors are smaller in size, the decision process is faster 
and less computationally demanding compared to other methods. 

𝑠𝑐𝑜𝑟𝑒�𝑤𝑡𝑎𝑟𝑔𝑒𝑡 ,𝑤𝑡𝑒𝑠𝑡� =
𝑤𝑡𝑒𝑠𝑡𝑡 𝑤𝑡𝑎𝑟𝑔𝑒𝑡

�𝑤𝑡𝑒𝑠𝑡𝑡 𝑤𝑡𝑒𝑠𝑡�𝑤𝑡𝑎𝑟𝑔𝑒𝑡𝑡 𝑤𝑡𝑎𝑟𝑔𝑒𝑡
�≤ 𝜃 → 𝑟𝑒𝑗𝑒𝑐𝑡
≥ 𝜃 → 𝑎𝑐𝑐𝑒𝑝𝑡

� Eq. (3-158) 

Like in the case of supervectors, standard compensation techniques can also be applied. 
Linear Discriminant Analysis (LDA) and Within-Class Covariance Normalisation 
(WCCN) are the two compensation techniques which when applied to i-vectors to 
remove channel effects in the total variability space, provide better performance. 

• WCCN 
Originally proposed in [Hatch,2006-B] and lately extended with Principal 
Component Analysis [Hatch,2006-A] to deal with the problem of large feature 
sets, it consist in training a Generalised Linear Kernel on the form 
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𝐾(𝑥1,𝑥2) = 𝑥1𝑡𝑊−1𝑥2 Eq. (3-159) 

where W is a symmetric positive semidefinite matrix that represents the expected 
within-class covariance matrix over all classes (i.e. speakers) in the training data. 
W can be characterised as: 

𝑊 ≜�𝑝(𝑖)𝐶𝑖

𝑀

𝑖=1

  

𝐶𝑖 ≜ E(𝑥𝑖 − �̅�𝑖)(𝑥𝑖 − �̅�𝑖)𝑡;  ∀𝑖 

Eq. (3-160) 

where Ci and p(i) represent the covariance matrix and the prior probability of a 
given speaker i/i∈{1…M}, respectively. Moreover, xi represents a feature vector 
from class i, and �̅�𝑖 represents the expected value of xi.  

The WCCN feature transformation applied on the original feature space can be 
defined as: 

Φ(𝑥) ≜ 𝐴𝑡𝑥 Eq. (3-161) 

with 

𝐴𝐴𝑡 ≜ 𝑊−1 Eq. (3-162) 

Within-class covariance normalisation constitutes an alternative to NAP. 
Moreover, as noted in [Stolcke,2007-A], NAP can be regarded as a simplified 
version of WCCN, where the main difference relies in the weighting strategy of 
the dimensions in the high-dimensional space. While NAP completely removes 
some dimensions reducing the original expanded space to the NAP-subspace, 
WCCN performs a complex weighting of the eigenvectors which define the 
subspace. Additionally, practical application of WCCN to MLLR-SVM systems 
can be found in [Kajarekar,2007], [Hatch,2006-A]. 

• LDA 
Linear Discriminant Analysis is a technique widely used in the field of pattern 
recognition [Ichino,2006], [Muroi,2008], [Dehak,2010] both for better 
discrimination between different classes and also for dimensionality reduction. 
More specifically, the main goal of LDA is to find a transformation matrix W 
such that when applied to the original feature space, the between-class variance 
is maximised while the intra-class variance is minimised. 
When applied to the case of speaker recognition, we can assume that each class, 
Ci, is made up of all recordings, r∈Ci, (represented for instance as i-vectors 
[Dehak,2010]) of a single speaker.  Under this initial assumption, we can define 
the following between-class variance matrix, Sb, and the within-class variance 
matrix, Sw: 
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𝑆𝑏 = ��μi − μ��μi − μ�
t

𝑆

𝑖=1

 Eq. (3-163) 

𝑆𝑤 = �
1
nr

𝑆

𝑖=1

��r − μi��r − μi�
t

𝑟𝜖𝐶𝑖

 Eq. (3-164) 

where, S is the number of speakers or classes, r is the set of recordings or 
elements belonging to a class Ci / i=1…k, µi is the mean or average vector for 
class i, and µ is the speaker population mean or more generally the overall mean 
vector. 
Based on these definitions, the goal of LDA is to maximise the Rayleigh 
coefficient for space direction W, which is defined as: 

𝐽(𝑊) =
|𝑊t𝑆𝐵𝑊|
|𝑊t𝑆𝑤𝑊| Eq. (3-165) 

The LDA transformation which results from maximizing this ratio can be 
regarded as the set of eigenvectors, W, corresponding to the eigenvalue 
decomposition in: 

𝑆𝐵𝑊 = 𝜆𝑆𝑤𝑊 Eq. (3-166) 

The dimension of this matrix can be reduced if only the best eigenvectors (i.e. 
the ones with highest eigenvalues) are selected. The number of best eigenvectors 
is optimised for the specific recognition system. 
According to [Sharkas,2008], a problem may occur if the matrix Sw becomes 
singular. In this case, a solution could be the use of an intermediate 
representation space of the data involved. For instance, Principal Component 
Analysis (PCA) can be used to project the original space into PCA space and 
then apply LDA. 

We have presented two of the most important modelling trends which aim at improving 
speaker recognition system’s performance: supervectors and i-vectors. Recent studies 
have focused their effort on comparing the performance of these approaches. For 
instance, [Dehak,2008] present a comparison between JFA and GMM-SVM with both 
linear and non-linear kernels, applying TNorm and ZTNorm score normalisation. 
Results show similar performance between SVM with Gaussian supervectors and JFA 
without speaker factors, while the inclusion of speaker factors makes a difference in 
favour of JFA. Additionally, non-linear kernels outperform linear kernels, and the 
fusion of JFA and GMM-SVM using logistic regression improves recognition rates. In 
[Kajarekar,2007] two different intersession variability compensation techniques, 
WCNN and NAP were compared using an MLLR-SVM speaker verification system, 
reporting no significant performance differences. Additionally in [Dehak,2010] three 
channel compensation techniques already presented (NAP, WCCN and LDA) have been 
applied in a system where each speaker is represented in a total variability space (i.e. 
using i-vectors). In this case, the best results were achieved for the case in which LDA 
is followed by WCCN. 
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3.6 FUSION 
So far we have presented different classification methods widely applied in speaker 
recognition. However, after a deep review of the different systems submitted to different 
NIST SRE, it can be assured that these classification methods are rarely used alone for 
recognition purposes. Like in other pattern classification problems, fusion techniques 
have been extensively used in speaker recognition. 

In Chapter 1 we have already presented different proposals for fussing generative and 
discriminative methods to improve speaker recognition system performance. In this 
section we will focus on techniques typically used for fusion at the matching score. 
The idea behind fusion at the matching score, relies on the fact that each speaker is 
modelled using multiple speaker models. Two different approaches have been studied: 

• A set of features is used to create a number of different models using different 
classifiers. 

• Different feature sets are first extracted and then a specific classifier is used for 
each feature set. 

In both cases, each classifier provides a score or decision that may be combined in order 
to improve recognition rates. The simplest way to combine these scores is by weighted 
sum: 

𝑠𝑐𝑜𝑟𝑒𝑓 = �𝑤𝑛𝑠𝑛

𝑁

𝑛=1

 Eq. (3-167) 

where N is the number of classifiers, sn represents the score provided by the nth 
classifier and, wn represents the weight assigned to the nth classifier. There are different 
ways to determine the specific weights for each of the classifiers involved in the system. 
The simplest way is to assign the same weight to all classifiers: 

𝑤𝑛 = 1
𝑁� ,∀𝑛 ∈ [1 …𝑁] Eq. (3-168) 

Another approach consists in using a development set in order to optimise specific 
weights for each classifier. A method that has become a de facto standard in speaker 
recognition systems is the one based on logistic regression proposed in 
[Brummer,2006], practically presented in [van Leeuwen,2007] and applied in 
[Brummer,2007]. 

In order to achieve the best set of weights for the fusion stage, it is necessary to define a 
quality measure that establishes the performance of a system. In [Brummer,2006] a 
measure of discrimination and calibration suitable for evaluating soft (application-
independent) recognition decisions in log-likelihood-ratio form is defined as: 

𝐶𝑙𝑙𝑟(Γ) =
1

log 2
�

𝑃𝑡𝑎𝑟
‖𝑋𝑡𝑎𝑟‖

� log�1 + 𝑒−Γ(𝑥)�
𝑥∈𝑋𝑡𝑎𝑟

+
1 − 𝑃𝑡𝑎𝑟
‖𝑋𝑛𝑜𝑛𝑡𝑎𝑟‖

� log�1 + 𝑒−Γ(𝑥)�
𝑥∈𝑋𝑛𝑜𝑛𝑡𝑎𝑟

� 
Eq. (3-169) 
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where Γ identifies the system under evaluation, Γ(x) is the attempt of the system under 
evaluation to evaluate the log-likelihood-ratio for trial x, Xtar is the set of target trials, 
Xnontar is the set of non-target trials and Ptar is the target prior. The normalised sums 
represent the expectations of “log costs” for target trials and non-target trials 
respectively. 
This application-independent evaluation objective, Cllr, allows different interpretations. 
It can be interpreted as a total error-rate across a wide range of applications, or as an 
expected cost; it also has an information-theoretic interpretation in terms of Shannon’s 
entropy and is a normalised (negative) discriminative log-likelihood. Regarding this last 
interpretation, Cllr, can be interpreted as the objective function to be minimised using 
linear logistic regression. A training procedure that optimises a recognition system with 
Cllr as objective is actually performing maximum-likelihood training. 

In a practical scenario, [van Leeuwen,2007], [Brummer,2007], we can define a linear 
fusion of a set of N speaker recognition systems, for a specific trial x as: 

𝑠𝑐𝑜𝑟𝑒𝑓(𝑥) = 𝑤0 + �𝑤𝑛𝑠𝑛(𝑥)
𝑁

𝑛=1

 Eq. (3-170) 

where sn(x) represents the score provided by the nth system for trial x and w0 is a 
constant included to improve calibration of the fused score. 

In order to train the fusion weights, a set of training scores (which must be similar to the 
ones presented during the recognition phase) both for target and non-target trials, 
represented by Xtar and Xnontar respectively, are needed. Additionally, Cllr previously 
defined in terms of these scores and the fusion weights, is set as the optimisation 
objective. As far as Cllr is a convex function of w=[w0,…,wN], at a fixed value of Ptar, 
and therefore has a unique global minimum, logistic regression can be used to find this 
minimum. In [Brummer,2007] a conjugate gradient ascent method is applied. Once 
fusion weights are trained, they can be used during the recognition phase. 

A more complex technique consists in considering the outputs from the different 
classifiers, arranged as a vector, as another random variable, and train a backend 
classifier for this new data. For instance, in [Tong,2006] the average value of three 
different SVM systems is used to provide the final score of a speaker recognition 
system. Other approaches, like [Reynolds,2005] prefer the use of a perceptron classifier 
as fusion strategy. 

A new trend in fusion strategies is the use of quality measures, also known as auxiliary 
side information, during the recognition phase. The idea behind this trend is to carry out 
a test-dependent fusion; in other words, adjust the fusion system for each test case, 
according to some quality measure defined for it. In [Garcia-Romero,2006] a linear 
quality-dependent score combination of two SVM classifiers that rely on high-level and 
low-level information is used. Quality information, such as Signal-to-noise ratio (SNR) 
or F0 deviations are also incorporated during the training phase of SVM classifiers. In a 
similar way [Solewicz,2007] introduce side information related to channel, noise and 
prosody aspects from train and test utterances in an SVM post-classifier. However, in 
[Ferrer,2008] auxiliary information (for instance, non-nativeness of speakers) is used to 
adapt the weights of a linear logistic regression (LLR) combiner. The use of quality 
measures clearly improves recognition rates and is worth of further study. 
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3.6.1 Available software tools 

Focal is a free open-source toolkit that provides a set of tools (written in Matlab code) 
for evaluation, fusion and calibration of statistical pattern recognisers. Although 
originally developed for any two-class recogniser, especially for the task of speaker 
recognition, FoCal toolkit currently integrates three different parts: 

• FoCal Two-Class: Under this section we can find different tools for evaluating 
the goodness of speaker detection log-likelihood ratios, for system calibration 
(map the score of the system to a detection log-likelihood ratio) such as Z-Cal 
and S-Cal, and obviously tools for fusion of multiple detection scores. In this 
last case, two different algorithms for optimizing the fusion weights are 
provided: linear logistic regression fusion and linear minimum-MSE fusion. 

• FoCal Bilinear: Constitutes a modification of the tools available in FoCal Two-
Class in order to allow the incorporation of quality measures or side-
information. 

• FoCal MultiClass: In this section we can find fusion and calibration tools to 
work with multi-class statistical pattern recognition scores. Among these tools 
we can find not only discriminative logistic regression algorithms but generative 
Gaussian Backends, with Probabilistic PCA, Factor-Analysis and HLDA 
(Heteroscedastic Linear Discriminant Analysis) covariance regularisation as 
well. 

FoCal toolkit can be downloaded from the author’s website (URL: FoCal). 
Later on, FoCal toolkit has evolved into BOSARIS toolkit (URL:BOSARIS), which 
again provides a logistic regression solution for fusing multiple systems, as well as 
improved and additional capabilities relating calibration. However, it does not provide 
support for multiclass statistical pattern recognition scores. 
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4 TEST BENCH 
Progress in the field of biometric recognition, as in many other research fields, is 
closely related with test beds, in the form of databases or in the form of evaluations that 
provide a framework for testing and comparing the performance of different systems. 
In Chapter 1, a comparison of different speaker recognition systems was presented. 
From that comparison it is clear that there is no common protocol and moreover, even 
in the case of using the same database, tests are not run or design with the same data. 
Thus recognition rates - and therefore systems - are not straightforward comparable. 
From this point of view, evaluations organised by third parties, such as the Speaker 
Recognition Evaluation (SRE) organised by the National Institute of Standard and 
Technologies (NIST), or the one organised by the Idiap Research Institute provide a 
common framework for assessing the performance of recognition systems.  
The purpose of the present chapter is twofold. In the first place, the databases used in 
the different experiments carried out in the framework of this thesis are presented. 
Secondly the set of specifically design tests using the described databases will also be 
described. 

4.1 DATABASES 
Different databases have been used in the set of experiments carried out during the 
development of the present research: 

• HESPERIA 

• ALBAYZIN 

• MOBIO 

• NIST SRE databases. 
The selection of these databases is based on the following arguments. First of all, the 
database HESPERIA has been recorded by the GIAPSI research group as part of the 
research project HESPERIA1, according to quality standards that make it suitable for 
tuning the vocal tract and glottal separation algorithms, as well as for the analysis of 
voice quality. The database ALBAYZIN was used mainly due to the following 
characteristics: gender variability, age variability, Spanish phonetically balanced 
recordings, and lack of channel variability. The use of the MOBIO speech corpus 
constitutes and additional challenge as it contains text-independent recordings acquired 
in mobile environments. This means that the content of the database has been recorded 
using mobile devices under real and non-controlled scenarios with no restriction on the 
message. Additionally, the recognition results achieved can be used to participate in the 
speaker verification evaluation organised by the Idiap Research Institute. Finally, NIST 
databases deserve special mention. As we have already said, NIST has contributed to 
the advance of the automatic speaker verification area providing a common framework 
in form of SREs. In order to participate in these evaluations with certain guarantees, it is 
necessary to become familiar with the type of recordings that must be processed. The 
use of these databases pose a greater challenge than any of those presented so far. 
Specifically, its use involves dealing with high inter-session variability present in form 
1 Project HESPERIA (http.//www.proyecto-hesperia.org) from the Program CENIT, Centro para el 

Desarrollo Tecnológico Industrial, Ministry of Industry, Spain. 
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of multiple acoustic environments (both controlled and non-controlled), multiple 
communication channels, different emotional states of speakers (stress, sadness, etc.), 
no message restriction and even recordings acquired years apart from the same speaker. 
Language variability is also present until NIST SRE 2010, while NIST SRE2010 and 
NIST SRE 2012 are focused on English language although English is not always the 
native language of speakers. 
Although a more detailed description of each speech corpora will be presented in the 
following section, Table 4-1 summarises some of the most basic characteristics shared 
by all them. 

Database Language female 
speakers 

male 
speakers 

Context 

HESPERIA Spanish 93 109 
Text-dependent 
Text-constrained 
Text-independent 

ALBAYZIN Spanish 152 152 Text-independent 
MOBIO English 52 100 Text-independent 

NIST SRE 
04 

English/Spanish/Arabic/ 
Mandarin/Russian/Etc. 184* 125* Text-independent 

NIST SRE 
06 

English/Spanish/Arabic/ 
Mandarin/Russian/Etc. 666* 479* Text-independent 

NIST SRE 
08 

English/Spanish/Arabic/ 
Mandarin/Russian/Etc. 801* 472* Text-independent 

NIST SRE 
10 English 260 239 Text-independent 

Table 4-1 Main characteristics of the different databases used in the experiments carried 
out in the course of this thesis (*: only English). 

4.1.1 The Database HESPERIA 

The Database HESPERIA (Homeland sEcurity: tecnologíaS Para la sEguridad integral 
en espacIos públicos e infraestructurAs) was recorded for speaker recognition purposes 
in high security applications (specifically in biometric access control applications). It 
consists of 202 speakers (109 male and 93 female) from different institutions, agencies 
or companies involved in the research project. All the recordings were captured in three 
sessions under controlled conditions but using different microphones: 

• High quality Cardioid lavalier microphone (labelled as c1). Allows high-fidelity 
recordings with a frequency range of 30Hz to 20 kHz and a bandwidth less than 
3 dB flat to the band of 12 kHz. The microphone has an open circuit sensitivity 
of 7mV/Pa, a maximum input sound level 138 dB for 1% THD at 1 KHz, and its 
A-weighted signal-to-noise ratio is 67 dB. It is powered from an external DC 
phantom power supply. 

• Headset type microphone (labelled as c2). Allows medium-quality recording. 
This type of microphone without preamp is standard equipment on hands-free 
call centres. The frequency range of the microphone shall be 20Hz to 20kHz, its 
sensitivity at 1kHz 7mV/Pa; maximum input sound level for 3% THD 130 dB 
and its A-weighted signal-to-noise ratio > 64 dB. 

• Table microphone (labelled as c3). Allows medium-quality recording. Supported 
by a tripod stand and powered by a set of batteries embedded in the body of the 
microphone.  
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• Low quality microphone (labelled as c4). Similar to the ones usually supplied as 
an external component in many computers. 

For each speaker different pre-established speech is recorded in 3 different sessions: 

• Three productions of the Spanish vowel /a/ with normal tone and volume and 
lasting from 6 to 8 seconds. 

• One production of the five Spanish vowels /a/, /e/, /i/, /o/ and /u/ with 3 sec 
duration per vowel. 

• Three productions of the intended to be phonetically balanced Spanish sentence: 
“Es hábil un solo día”, with normal tone and volume. 

• Recording of a reference text lasting approximately 1 minute. 
• Three productions of an assigned fictious name and surname. 
• Ten productions of the same 4-digit pin. 
• Three productions of the 10 digits (randomly ordered in each utterance). 
• Three productions of a common name and surname. 
• One production of twenty different 4-digit pin (the same for all speakers) 

Additionally, some of these recordings have also been recorded through a GSM mobile 
network (labelled as T). In this way, we are able to model the variability introduced by 
the transmission channel.  

 SESSION 1 SESSION 2 SESSION 3 
Type of 

utterance C1 C2 C3 C4 T C1 C2 C3 C4 T C1 C2 C3 C4 T 

Vowel /a/ 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
5 Spanish 

vowels 1 1 1 1 1           

Sentence 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 
Reference 

text 1 1 1 1 1           

Assigned 
name 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

Common 
pin 4 4 4 4 4 3 3 3 3 3 3 3 3 3 3 

10 digits 1 1 1 1 1 1 1 1 1  1 1 1 1  
Common 

name 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

4-digit 
pin 20 20 20 20 20           

Table 4-2 Number of utterance per speaker for each session and channel in the 
HESPERIA database. 

4.1.2 The Database ALBAYZIN 

ALBAYZIN consists of a Spanish language corpus set that has been collected under the 
project of the same name2. The project has been carried out by a consortium of six 
research groups, namely: 

• Univ. de Granada – Dpto. de Electrónica y Tecnología de Computadores 

2 Project ALBAYZIN was funded by the Comisión Interministerial de Ciencia y Tecnología(CICYT) 
(TIC91-1488-C06) 
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• Univ. Politécnica de Cataluña – Dpto. de Teoría de la Señal y Comunicaciones 

• Univ. Politécnica de Madrid – Dpto. de Ingeniería Electrónica 

• Univ. Politécnica de Madrid – Dpto. de Señales, Sistemas y 
Radiocomunicaciones 

• Univ. Autónoma de Barcelona – Dpto. de Filología Española 

• Univ. Politécnica de Valencia – Dpto.  Sistemas Informáticos y Computación. 
The speech corpus is divided in 3 different corpora: 

• Generic phonetic corpus (GPC): Constitutes a reference framework of the 
Spanish language, so neither syntactic nor semantic restrictions applied. It 
contains 6800 phrases uttered by 204 speakers. 

• Specific corpus (SC): Application dependent utterances with semantic 
restrictions. More specifically, it contains 6800 phrases uttered by 136 speakers 
with information on geographic queries. 

• Lombard corpus (LC): Contains speech produced under the Lombard effect, i.e. 
when speakers support a high-noise level in their ears. It contains 50 phrases 
uttered by 40 speakers. 

The database contains recordings from 304 different speakers (equally distributed 
among gender and with ages ranging from 18 to 55), while the amount of utterances is 
15600 lasting in average 4 seconds. Table 4-3 and Table 4-4 summarise the number of 
utterances per speaker regarding the age distribution and the corpus to which belong. 

Design, recording and labelling of the corpus have followed the standards proposed in 
the European project Speech Assessment Methods (SAM) ESPRIT project 2589. In 
particular, regarding the recordings, they have been made in a recording studio, using a 
Shure SM 10A headset microphone. In a post-processing step, the signals were high 
pass filtered to eliminate low frequency noise induced in the recording process. 
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Gender Age # Speakers # Utterances 
GPC 

# Utterances 
SC 

# Utterances 
LC 

Female 

18-31 

2 200 50 50 
32 25   

6 50 50 50 
4 50  50 
6 25 50  
2 25 50 50 

22  50  
3  50 50 

31-40 

16 25   
3 25 50  
1 25 50 50 
3 50   
2 50  50 

12  50  
2  50 50 

41-55 

16 25   
3 25 50  
1 25 50 50 
3 50   
2 50  50 

10  50  
1  50 50 

Table 4-3 Utterance distribution for female speakers regarding age and sub-corpus 

Gender Age # Speakers # Utterances 
GPC 

# Utterances 
SC 

# Utterances 
LC 

Male 

18-31 

2 200 50 50 
32 25   

6 50   
4 50  50 
6 25 50  
2 25 50 50 

22  50  
3  50 50 

31-40 
 

16 25   
3 25 50  
1 25 50 50 
3 50   
2 50  50 

12  50  
2  50 50 

41-55 

16 25   
3 25 50  
1 25 50 50 
3 50   
2 50  50 

10  50  
1  50 50 

Table 4-4 Utterance distribution for male speakers regarding age and sub-corpus 
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4.1.3 The Database MOBIO 

MOBIO is a bimodal database consisting of face images and voice information, 
captured on mobile devices (actually using NOKIA 93i mobile phone, and a standard 
2008 MacBook). The speech corpus contains a total of 152 speakers (100 males and 52 
females) that have been recorded in two different phases, with 6 different sessions per 
phase, in 6 different sites: 

• University of Oulu (OULU) 

• Idiap Research Institute (IDIAP) 

• University of Avignon (LIA) 

• University of Manchester (UMAN) 

• University of Surrey (UNIS) 

• Brno University of Technology (BUT) 
Regarding the audio data, all audio was collected in English, although English is not 
always the native language of subjects. Additionally, as it was captured using a mobile 
device (not placed in a fixed position), it contains high variability in terms of both 
quality and acquisition environments (which means real noise background). 
As previously noted the database was captured in two different phases. In the first 
phase, each subject was asked to provide the following information:  

• 5 Short responses to the following questions: “What is your name?”, “What is 
your address?”, “What is your birth date?”, “What is your license number?”, and 
“What is your credit card number?” 

• 5 Short responses (lasting 5 seconds approximately) to a set of questions 
randomly extracted from a pool of 40 questions. 

• 10 responses (lasting 10 seconds approximately) to a set of questions randomly 
extracted from a pool of 40 questions. 

• 1 pre-defined text lasting at least 10 seconds. 
The second phase was slightly shorter as it only contains: 

• 5 Short responses to the following questions: “What is your name?”, “What is 
your address?”, “What is your birth date?”, “What is your license number?”, and 
“What is your credit card number?” 

• 5 responses (lasting 10 seconds approximately) to a set of questions randomly 
extracted from a pool of 40 questions. 

• 1 pre-defined text lasting at least 10 seconds. 
Table 4-5 summarises the number of speakers per site, as well as the number sessions 
and number of recordings per speaker. More technical details about MOBIO database 
can be found in [McCool,2012]. 
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SITE 

Phase I Phase II 
#Subjects  
(female 
/male) 

#Sessions #Recordings 
#Subjects  
(female/ 

male) 
#Sessions #Recordings 

BUT 33 
(15/18) 6 21 32 

(15/17) 6 11 

IDIAP 28 
(7/21) 6 21 26 

(5/21) 6 11 

LIA 27 
(9/18) 6 21 26 

(8/18) 6 11 

UMAN 27 
(12/15) 6 21 25 

(11/14) 6 11 

UNIS 26 
(6/20) 6 21 24 

(5/19) 6 11 

UOULU 20 
(8/12) 6 21 17 

(7/10) 6 11 

Table 4-5 Utterance, session and speaker distribution for each of the sites participating 
in the MOBIO database 

4.1.4 NIST SRE databases 

As it will be pointed out later on, the data made available for the different speaker 
recognition evaluations have changed over the years since its first edition in 1996. The 
purpose of the present section is not to provide a detail description of all databases 
released by NIST from then until now. However a general and brief description (mainly 
extracted from the different evaluation plans) of the latest ones will be presented due to 
their interest for the 2010 and 2012 SREs. 
Regardless the speech corpora, data is stored as NIST SPHERE format. In this format, 
files consist in a simple, flexible and self-describing file header followed by the 8-bit μ-
law sample data. The header, which is readable as plain text, includes auxiliary 
information about the speech data in the file: number of samples, sampling rate, number 
of channels, kind of sample coding, as well as the language of the conversation, whether 
or not the data was recorded over a telephone line, and whether or not the data is from 
an interview session. However, it does not contain information on the type of telephone 
transmission channel (cellular, cordless, land line), the type of telephone instrument 
involved (speaker-phone, head-mounted, ear-bud, hand-held), or the room microphone 
type used for the interview data (ear-bud/lapel microphone, mini-boom microphone, 
courtroom microphone, conference room microphone, distant microphone, near-field 
microphone, PC stand microphone, micro-cassette microphone). 
The databases contain not only SPHERE files, but the Automatic Speech Recognition 
(ASR) transcription data for English recordings. As the transcription is performed by 
automatic means, it is not error free. 

The speech data have been collected by the Linguistic Data Consortium (LDC) as part 
of the various phases of its Mixer project or of its earlier conversational telephone 
collection projects. Regarding phone records, the platform Fishboard was used to collect 
the data from selected pairs of speakers using different telephone instruments. Both 
channels of the telephone conversations are provided, although in early evaluations 
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these conversations were processed through echo cancelling software before database 
release, this processing step has been omitted in the 2008, 2010 and 2012 databases. 
A further difference between the available NIST databases is the language used by the 
speakers involved in the recordings. For instance, in 2004, 2005, 2006 and 2008 
databases, most of the data was recorded in English; however they also contain 
conversations recorded in Arabic, Mandarin, Russian, Spanish, etc. Additionally, 
conversations recorded in languages other than English involved bilingual speakers 
which mean that English may or may not be their native language. On the other hand, in 
the 2010 and 2012 databases only English data is provided, but English may not be the 
native language of all the speakers that appear in the recordings. We will now briefly 
present the different NIST databases that we will use in our experiments, starting with 
2004 database to the most recent and focusing only in the data specifically selected for 
the experiments. 

• NIST SRE 2004: The selected subset of the 2004 SRE database only contains 
conversational telephone speech in English. Each selected recording consists of 
approximately five minutes of conversation collected over telephone channels, 
where both the transmission channel and the microphone type used are provided 
and labelled as follows: 

o Transmission channel: 
 Cellular 

 Cordless 
 Land line 

o Microphone type: 
 Speaker-phone 

 Head-mounted 
 Ear-bud 

 Hand-held 
All the recordings used in the set of experiments contain just one channel with 
just one speaker. The total number of recordings used is 3363, following the 
distribution reflected in Table 4-6: 

Channel Gender Number of 
recordings 

Number of 
different 
speakers 

Telephone Male 1375 125 
Female 1988 184 

Table 4-6 Number of recordings and speakers in the NIST SRE 2004 database 

• NIST SRE 2006: The selected set of recordings from the 2006 database contains 
approximately five minutes of conversation collected over telephone channels or 
a specific microphone. Both the transmission channel and the microphone type 
used when telephone recordings are involved are provided in the header of each 
recording. Specifically, telephone recordings  are classified like in NIST SRE 
2004 database, while for the case of microphone data, different microphones 
have been used to capture the speakers’ voice: 
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o Ear-bud/lapel microphone 

o Mini-boom microphone 
o Courtroom microphone 

o Conference room microphone 
o Distant microphone 

o Near-field microphone 
o PC stand microphone 

o Micro-cassette microphone 
All microphone recordings contain two channels with different speakers 
speaking on each side. Although one might think that we are facing high quality 
recordings as they are captured using a microphone, nothing could be further 
away from truth. Actually, microphones are placed in different locations of the 
recording room, not necessary closed to the speakers, so recording levels can 
become minimal and even result in barely audible recordings. The total number 
of recordings used is 11968, which can be classified as follows: 

Channel Gender Number of 
recordings 

Number of 
different 
speakers 

Microphone Male 1220 38 
Female 1474 46 

Telephone Male 3993 479 
Female 5281 666 

TOTAL Male 5213 479 
Female 6755 666 

Table 4-7 Number of recordings and speakers in the NIST SRE 2006 database 
It must be noted that the speakers in the microphone recording set are a subset of 
the telephone recording set. 

• NIST SRE 2008: The selected recordings from this database include not only 
conversational telephone speech data but also conversational speech data 
recorded over a microphone channel involving an interview scenario, and 
conversational telephone speech recorded over a microphone channel. All 
recordings contain two channels with different speakers talking on each side 
except in the case of the interview scenario. In this last case, one of the channels 
contains approximately a three minute conversational segment involving two 
different speakers, i.e., the interviewer and the interviewee, while the other 
channel contains no information at all.  
The total number of recordings selected to be used in the experiments is 14409. 
Although as early mentioned this database contains recordings involving 
different languages, for practical reasons only those in English have been 
considered. Table 4-8 provides a brief description of the selected contents of the 
database. 
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Channel Gender Number of 
recordings 

Number of different 
speakers 

Microphone Male 616 58 
Female 803 77 

Interview Male 1606 63 
Female 2196 87 

Telephone Male 3439 472 
Female 5749 798 

TOTAL Male 5661 472 
Female 8748 801 

Table 4-8 Number of recordings and speakers in the NIST SRE 2008 database 

• NIST SRE 2010 database: The data contained in this database can be grouped 
according to the different tasks proposed on the SRE 2010 evaluation plan. 
Specifically, the database can be clustered in four different groups: 

o 10-second Excerpts: All recordings in this group are two-channel 
excerpts of a telephone conversation containing between 8 and 12 
seconds of actual target speech on the channel of interest. 

o Two-channel Conversations: All recordings in this group contain two-
channel telephone conversation excerpts which include approximately 
five minutes from a longer conversation. The excision points are chosen 
so as not to include partial speech turns. Actual target speech will last 
much less than 5 minutes. 

o Interview Segments: Recordings in this group are characterised by 
containing interview segments, extracted from a longer interview 
session, which vary in duration in the range of 3 to 8 minutes. Two 
channels are also provided in this case. The channel of interest will 
provide the speech captured by a microphone placed somewhere in the 
interview room. The alternative channel will contain the interviewer’s 
speech recorded from a head-mounted, close-talking microphone. 

o Summed-channel conversations: This group will consist of summed-
channel telephone conversation segments of about 5 minutes in duration. 
This means that the two channels of a conversation involving target and 
non-target speaker are summed together in a single channel. 

In all the experiments carried out, 10-second excerpts and summed-channel 
conversations are not used. Therefore, the number of different speakers and 
recordings that are going to be used are shown in Table 4-9. 
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Channel Gender Number of 
recordings 

Number of different 
speakers 

Microphone Male 893 171 
Female 971 205 

Interview Male 4501 199 
Female 5358 231 

Telephone Male 1143 189 
Female 1305 219 

TOTAL Male 6537 206 
Female 7634 234 

Table 4-9 Number of recordings and speakers in the NIST SRE 2010 database 

• NIST SRE 2012 database: The type of recordings contained in this database is 
quite similar to the recordings in the NIST SRE 2010. In particular it contains 
both telephone and microphone recordings, however, some segments include 
additive noise (noise added as a post-processing step after recording) or have 
been recorded in an intentionally noisy environment or both. Table 4-10 shows 
the number of different speakers and recordings, grouped by type, that are used 
in the experiments. It must be noted that the speaker id is not provided for all the 
recordings. 

Channel Gender Number of 
recordings 

Number of different 
speakers 

Microphone Male 1934 43 
Female 2357 72 

Interview Male 15396 53 
Female 20658 94 

Telephone Male 8909 148 
Female 14258 231 

TOTAL Male 26239 154 
Female 37273 240 

Table 4-10 Number of recordings and speakers in the NIST SRE 2012 database 

4.2 PRACTICAL SCENARIOS 
As previously discussed, not only the availability of specific databases plays an 
important role in the advancement of the state-of-the-art. It is also necessary to provide 
a common framework in order to test the systems under the same conditions using the 
same data, thus measuring the advances on the corresponding technology (speaker 
recognition in this case). In this respect, the quintessential common framework in the 
area of speaker recognition has been provided by the National Institute of Standards and 
Technology (NIST), through the Multimodal Information Group, since 1996 in the form 
of Speaker Recognition Evaluations (SRE). However, as it will be discussed later there 
are some issues on the evaluation plans that result in systems not concurring under the 
same conditions and therefore a straight comparison based in recognition rates seems 
not to be always adequate. This problem also occurs in the evaluation organised by 
Idiap Research Institute on mobile environments. 

For this reason, without ruling out the participation in these evaluations, in this section 
we are going to describe the practical scenarios in which, using the databases presented 
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so far, we have tested the validity of the hypothesis stated at the beginning of this thesis. 
The proposed scenarios cover multiple real-life situations, ranging from high-quality 
data in a text-constrained environment (especially used in access control in security 
environments) to maximal variability data in terms of data quality and message content 
(especially used in forensic applications). 

4.2.1 Text-Constrained Speaker Recognition 

When putting into operation a speaker recognition system, especially in security 
environments, it is usual to find out that the data used during the training phase and the 
recognition phase are similar and yet different and variable, in order to avoid  the use of 
fraudulent recordings. The use of 4-digit pins can be an interesting solution, as it 
requires a short training phase, does not require the user to produce long sentences 
during the test/operation phase and can also be changed from day-to-day easily. Under 
this assumption, we have defined two closed-set text-constrained speaker verification 
experiments without cross-gender trials using the database HESPERIA. In order to test 
the robustness of the algorithms to channel variations the first scenario involves training 
and testing phases using microphone data (typically used on facility access control) 
while the second scenario involves microphone data on training and telephone data in 
the test phase (with possible application to telephone banking). 

• Scenario 1 (mic-mic):  
In this scenario, 109 male speakers and 93 female speakers with ages ranging 
from 18 to 65 are represented. All the recordings were captured under controlled 
conditions and using 4 different microphone channels. Each recording consisted 
of an utterance of a specific 4-digit pin. So the problem can be defined as closed-
set text-constrained speaker verification (without cross-gender trials). The data is 
divided in 3 different subsets as follows: 

o Background set: In this subset we include 25 speakers per gender with all 
age ranges represented, and for each of them sixty recordings, taken over 
four different microphones, each of them corresponding to a different 4-
digit pin. The data assigned to this set is only used to learn the 
background parameters of the algorithm or for normalisation purposes. 

o Development set: This set is split into two different subsets: enrolment 
and test, and none of them include data already in the background set. 
The first one, the enrolment subset, is used to create a model of each of 
the target speakers. Like in the background set, we include 25 speakers 
per gender, and 20 recordings per speaker are available for training each 
model (corresponding to a different 4-digit pin recorded over one 
specific microphone). The second subset, i.e. the test, contains a list of 
audio samples that must be tested against all the target speakers. For this 
purpose, we reserve 40 additional files per speaker, resulting in a total of 
25000 trials per gender. These 40 recordings consist of 4-digit pins 
different from the ones used during training phase, and recorded over 
four different microphones. The data on this set are supposed to be used 
to tune meta-parameters of the algorithm, (e.g. number of Gaussians, 
dimension of subspaces, etc.). The recognition rate achieved, in terms of 
EER, is used to define a score threshold, θdev, which will be used to 
evaluate the performance of the recognition system. 
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o Evaluation set: The final evaluation performance is analysed using this 
dataset, which includes 43 female speakers and 57 male speakers, and is 
provided in the form of Half Total Error Rate (HTER). HTER can be 
defined as the average between the number of False Acceptance Rate 
(FAR) and False Rejection Rate (FRR), at the operation point defined by 
θdev. For each speaker, 20 files are used to create the model, while 40 
recordings are marked as test. These 40 recordings consist of 4-digit pins 
different from the ones used during the training phase, and recorded over 
four different microphones. A score must be provided for each trial in the 
form of a log-likelihood ratio, representing how accurately the test 
segment is classified as containing, or not, speech for the target speaker 
against which it is confronted. All files marked as test are confronted to 
each of the speakers. Taking into account that no cross-gender trials are 
performed, this leads to 129960 male trials and 73960 female trials. 

 Background 
 Speakers #Files 

MALE 25 1500 
FEMALE 25 1500 
TOTAL 50 3000 

 

 Development 
 Enrolment Test 
 #Targets #Files Speakers #Files #Trials 

MALE 25 500 25 1000 25000 
FEMALE 25 500 25 1000 25000 
TOTAL 50 1000 50 2000 50000 

 Evaluation 
 Enrolment Test 
 #Targets #Files Speakers #Files #Trials 

MALE 57 1140 57 2280 129960 
FEMALE 43 860 43 1720 73960 
TOTAL 100 2000 100 4000 203920 

Table 4-11 Description of the contents of the different subsets of the 
HESPERIA database for Scenario 1 

• Scenario 2 (mic-tel): 
In this scenario, 80 male speakers and 75 female speakers with ages ranging 
from 18 to 65 are represented. The amount of speakers is less than in previous 
conditions since not all the speakers in the database HESPERIA have been 
recorded over a telephone channel. Like in Scenario 1, all the recordings were 
captured under controlled conditions but in this case using 5 different channels 
(4 microphones and the GSM mobile network). Each recording consisted of an 
utterance of a specific 4-digit pin. So the problem can be defined as closed-set 
text-constrained speaker verification (without cross-gender trials). 

Again, we have divided the data in 3 different subsets as follows: 
o Background set: Same as in Scenario 1. 

o Development set: This set is split into two different subsets: enrolment 
and test, and none of them include data already in the background set. 
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The first one, the enrolment subset, is used to create a model of each of 
the target speakers. It consists of 25 speakers per gender and 20 
recordings per speaker are available for training each model 
(corresponding to a different 4-digit pin recorded over one specific 
microphone). The second subset, i.e. the test, contains a list of audio 
samples that must be tested against all the target speakers. For this 
purpose, we reserve 10 additional files per speaker, resulting in a total of 
6250 trials per gender. These 10 recordings consist of 4-digit pins 
different from the ones used during the training phase, and recorded over 
a telephone channel. The data on this set are supposed to be used to tune 
meta-parameters of the algorithm, (e.g. number of Gaussians, dimension 
of subspaces, etc.). The recognition rate achieved, in terms of EER, is 
used to define a score threshold, θdev, which will be used to evaluate the 
performance of the recognition system. 

o Evaluation set: The final evaluation performance is analysed using this 
dataset, which includes 20 female speakers and 30 male speakers, and is 
provided in the form of Half Total Error Rate (HTER). HTER can be 
defined as the average between the number of False Acceptance Rate 
(FAR) and False Rejection Rate (FRR), at the operation point defined by 
θdev. For each speaker, 20 files (corresponding to a different 4-digit pin 
recorded over one specific microphone) are used to create the model, 
while 10 recordings are marked as test. These 10 recordings consist of 4-
digit pins different from the ones used during the training phase, and 
recorded over a telephone channel. It is important to note, that in this 
case we are testing an extreme case of channel variability as training is 
performed on a microphone channel and testing on the telephone 
channel. A score must be provided for each trial in the form of a log-
likelihood ratio, representing how accurately the test segment is 
classified as containing, or not, speech for the target speaker against 
which it is confronted. All files marked as test are confronted to each of 
the speakers. Taking into account that no cross-gender trials are 
performed, this leads to 9000 male trials and 4000 female trials. 

Table 4-12 summarises the amount of data included in each of the subsets, in 
terms of number of recordings, number of target speakers and the total amount 
of trials. 
 

 Background 
 Speakers #Files 

MALE 25 1500 
FEMALE 25 1500 
TOTAL 50 3000 

 

 Development 
 Enrolment Test 
 #Targets #Files Speakers #Files #Trials 

MALE 25 500 25 250 6250 
FEMALE 25 500 25 250 6250 
TOTAL 50 1000 50 500 12500 
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 Evaluation 
 Enrolment Test 
 #Targets #Files Speakers #Files #Trials 

MALE 30 600 30 300 9000 
FEMALE 20 43 20 200 4000 
TOTAL 50 100 50 500 13000 

Table 4-12 Description of the contents of the different subsets of the 
HESPERIA database for Scenario 2 

The results achieved in the set of experiments previously described as well as the 
speaker recognition system build to face these experiments will be presented in Chapter 
5. 

4.2.2 Text-Independent Speaker Recognition 

The vulnerability of automatic speaker verification systems to imposture or spoofing is 
widely acknowledged. In order to make a speaker verification system robust for 
instance to playback attacks, a possible solution may be not to limit the message used 
for recognition to a specific pattern (for instance, 4-digit pins). Thus asking the speaker 
to provide in a limited time a random phrase not known in advance, reduce the chances 
of attacking the system.  
Under this assumption, we have defined a closed-set text-independent speaker 
verification experiment without cross-gender trials using the database ALBAYZIN. As 
previously said, this database provides a set of recordings acquired under controlled 
environments meeting minimum quality standards, which allow algorithm fast tuning.  
In this scenario, 304 speakers equally distributed by gender with ages ranging from 18 
to 55 are used. All the recordings were captured through just one channel, so no channel 
variability can be tested. Like in the Text-Constrained scenario, no cross-gender trials 
are to be performed, and the methodology followed is similar. Specifically, we have 
divided the data in 3 different subsets, as follows: 

• Background set: In this subset we include 25 speakers per gender, and for each 
of them 25 files from the generic sub-corpus. The data assigned to this set is 
only used to learn the background parameters of the algorithm or for 
normalisation purposes. 

• Development set: This set is split into two different subsets: enrolment and test, 
and none of them include data already in the background set (i.e. different 
speakers are present). The first one, the enrolment subset, is used to create a 
model of each of the target speakers. Like in the background set, we include 25 
speakers per gender, however only 3 files per speaker are available for training 
each model (4 seconds of information per file). The second subset, i.e. the test, 
contains a list of audio samples that must be tested against all the target 
speakers. For this purpose, we reserve 22 additional files per speaker, resulting 
in a total of 13750 trials per gender. The data on this set is supposed to be used 
to tune meta-parameters of the algorithm, (e.g. number of Gaussians, dimension 
of subspaces, etc.). Like in previous experiments, the recognition rate achieved, 
in terms of EER, is used to define a score threshold, θdev, which will be used to 
evaluate the performance of the recognition system. 

• Evaluation set: The final evaluation performance is analysed using this dataset, 
which includes 88 speakers per gender, and is provided in form of Half Total 
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Error Rate (HTER). HTER can be defined as the average between the number of 
False Acceptance Rate (FAR) and False Rejection Rate (FRR), at the operation 
point defined by θdev. For each speaker, 3 files are used to create the model, 
while 47 recordings (taken from either the generic sub-corpus or the specific 
sub-corpus) are marked as test. A score must be provided for each trial, for 
instance in the form of a log-likelihood ratio, representing how accurately the 
test segment is classified as containing, or not, speech for the target speaker 
against which it is confronted. All files marked as test are confronted to each of 
the speakers. Taking into account that no cross-gender trials are performed, this 
leads to 363968 trials per gender. 

Table 4-13 summarises the amount of data included in each of the subsets, in terms of 
number of recordings, number of target speakers and the total amount of trials. 

 Background 
 Speakers #Files 

MALE 25 625 
FEMALE 25 625 
TOTAL 50 1250 

 

 Development 
 Enrolment Test 
 #Targets #Files Speakers #Files #Trials 

MALE 25 75 25 550 13750 
FEMALE 25 75 25 550 13750 
TOTAL 50 150 50 1100 27500 

 Evaluation 
 Enrolment Test 
 #Targets #Files Speakers #Files #Trials 

MALE 88 264 88 4136 363968 
FEMALE 88 264 88 4136 363968 
TOTAL 176 528 176 8272 727936 

Table 4-13 Description of the contents of the different subsets of the ALBAYZIN 
database 

The results achieved in this experiment as well as the speaker recognition system built 
to face it will be presented in Chapter 5. 

4.2.3 Text-Independent Speaker Recognition in Mobile Environments 

An additional problem that we have to face is the fact that we live in a mobile connected 
world. This means for instance that the access to a system can be performed remotely 
using a cell phone anywhere under different noisy environments. For this reason, it 
seems appropriate to verify how a speaker recognition system behaves in a text-
independent mobile environment. The importance of this scenario is demonstrated by 
the existence of an international speaker recognition evaluation meeting this constrains. 
The evaluation proposed for the 2013 International Conference on Biometrics (ICB 
2013), which mainly consists in close-set speaker recognition using the database 
MOBIO, i.e. in mobile environments, allows us not only to test the performance of our 
speaker recognition system in an impartial scenario, but to compare our approach with 
speaker recognition systems designed by other research groups. Therefore the scenario 
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proposed in this section follows the evaluation plan provided for the “2013 SRE in 
Mobile Environments”, so that the results achieved can be submitted. 
The aim of this competition is to determine whether a specified target speaker is present 
or not in a given segment of speech which has been recorded in mobile environments. 
The speakers (and thus the recordings) included in the MOBIO database are split into 
three different subsets as follows: 

• Background training set: The data assigned to this set can be used only to learn 
the background parameters of the algorithm (UBM, subspaces, etc.) or for 
normalisation purposes. Use of additional information is allowed as long as it is 
explicitly documented in the system’s description. However, allowing the use of 
additional data causes the speaker recognition systems not to participate under 
the same conditions. Therefore, it is not possible to strictly establish whether the 
different recognition rates achieved by different systems are influenced by better 
parameterisation techniques, better classification methods, better intersession 
compensation and normalisation techniques or just by the use of more 
favourable additional databases. For this reason, we are not going to add any 
extra data to this set. 

• Development set: The data assigned to this set is split into two subsets: 
enrolment and test. The first one is used to create a model of each of the target 
speakers included. The second one contains a list of audio samples that must be 
tested against the target speakers. The data on this set is supposed to be used to 
tune meta-parameters of the algorithm (e.g. number of Gaussians, dimension of 
subspaces, etc.). The recognition rate, regarding EER, achieved with this 
development set is used to define a score threshold, θdev, which will be used to 
evaluate the performance of the recognition system.  

• Evaluation set: The final evaluation performance is analysed using this set, and 
is provided in the form of Half Total Error Rate (HTER). HTER can be defined 
as the average between the number of False Acceptance Rate (FAR) and False 
Rejection Rate (FRR), at the operation point defined by θdev. Like in the 
development set, some recordings are provided in order to create a model of 
each of the target speakers, while another set of audio recordings are marked as 
test. A score must be provided for each trial, for instance in the form of a log-
likelihood ratio, representing how accurately the test segment is classified as 
containing, or not, speech for the target speaker against which it is confronted.  

Table 4-14 summarises the amount of data included in each of the subsets, in terms of 
number of recordings, number of target speakers and the total amount of trials.  

 Background 
 Speakers #Files 

MALE 37 7104 
FEMALE 13 2496 
TOTAL 50 9600 

 

 Development 
 Enrolment Test 
 #Targets #Files Speakers #Files #Trials 

MALE 24 120 24 2520 60480 
FEMALE 18 90 18 1890 34020 
TOTAL 42 210 42 4410 94500 
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 Evaluation 
 Enrolment Test 
 #Targets #Files Speakers #Files #Trials 

MALE 38 190 38 3990 151620 
FEMALE 20 100 20 2100 42000 
TOTAL 58 290 58 6090 193620 

Table 4-14 Description of the contents of the different subsets of the MOBIO database 
The results achieved in this competition as well as the speaker recognition system build 
to face it will be presented in Chapter 5. 

4.2.4 NIST SRE Evaluations 

The goal of the NIST SRE series is to contribute to drive the technology of text-
independent speaker recognition forward, exploring and testing promising new 
algorithmic approaches. Although initially conducted on an annual basis, since 2006 the 
evaluation takes place once every two years. It is also important to note the great 
interest aroused by this evaluation, which since its first edition in 1996 (in which only 
12 groups took part on it), the number of participants has increased steadily, reaching 
the number of 58 sites in its last edition.  

However, after our first participation in the NIST SRE 2010, we identified some key 
issues that considerably influence the recognition results achieved in the evaluation 
process, therefore making a direct comparison of results produced by different systems 
somehow misleading: 

• Quality of the evaluation database → A key aspect that must be considered is the 
database provided by the organisers for evaluation purposes. As discussed in 
previous sections, the database provided by NIST for the SRE 2010 presents 
great intra-speaker variability due to: use of different transmission channels, use 
of different recording devices in different places, inclusion of recordings with 
diverse vocal effort, inclusion of recordings collected from the same speaker 
years apart (age evolution), and the fact of being text-independent. Additionally, 
it contains a large number of different speakers classified by gender as long as 
no cross-gender trials are required. Moreover, this database presents an 
important problem: the quality of recordings. More specifically, we have to deal 
with recordings for which it is very difficult or even impossible to extract 
speaker’s relevant information, due to noise (see Figure 4-1). We also face 
recordings that do not meet minimum quality standards (see Figure 4-2), or 
simply recordings that despite its labelling do not contain the speaker’s 
information that should be present on it (see Figure 4-3). 
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Figure 4-1 Noisy telephonic recording (time domain – left – and frequency 
domain – right) in NIST SRE 2010 database 

 
Figure 4-2 Low quality recording (time domain – left – and frequency domain – 
right) in NIST SRE 2010 database 

 
Figure 4-3 Incorrect labelled recording (time domain – left – and frequency 
domain – right) in NIST SRE 2010 database. No speaker information available 

• Labelling errors → It also must be noted that in the NIST SRE2012 an updated 
key was released, that affects multiple databases (2004, 2006 and 2008). The 
errors reflected on the update refer not only to incorrect assignment of the 
speaker id to files but also to a mismatch in the gender assigned to some 
speakers. 
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• Use of additional databases → Another important issue in these evaluations is 
the fact that there is no control and no limit in the number and type of additional 
databases that can be used by the systems in the different parts, i.e. UBM 
creation, normalisation, inter-session compensation, etc. This means that 
systems are somehow not participating under the same conditions and therefore 
it is not possible to strictly establish whether the different recognition rates 
achieved by different systems are influenced by better parameterisation 
techniques, better classification methods, better inter-session compensation and 
normalisation techniques or just by the use of more favourable additional 
databases. 

• Good practice of participants → Last but not least, it seems necessary to 
emphasise that the organisation responsible of the evaluations only collects and 
analyses the results submitted by the different sites participating. This implies 
that organisers do not control in any way whether systems strictly comply with 
the regulation, especially regarding the use of the provided database for purposes 
other than those specified in the evaluation plan. In particular, the use of not 
allowed information (train/test recordings) in the inter-session compensation or 
normalisation phases is not verified, and this practice notably influences the 
tuning of the systems and therefore the recognition rates achieved by them. In 
the NIST SRE 2010 some sites where accused of this practice, although no 
proves where provided. 

All these aspects have clearly influenced our first participation in a NIST SRE, 
specifically the NIST SRE 2010. For this reason, we are not going to present the results 
achieved by our system in that evaluation, but we are going to use the experience 
acquired to analyse whether the gender-dependent extended biometric parameterisation 
proposed in this thesis is able to provide an improvement in terms of recognition rates 
respect to classical parameterisation approaches in this highly adverse environment. 

The procedure followed consists in using the NIST SRE 2010 plan as starting point. In 
other words, we use the set of tests posed in the plan as development set, and then we 
will verify if the achieved results can be extended to the NIST SRE 2012, taking into 
account that the NIST SRE 2012 presents some changes compared to the NIST SRE 
2010. 
Although the NIST SRE 2010 plan is quite ambitious in the number of tests covered, in 
what follows, we present the most relevant information that we have used, which 
mainly refers to the core-core task. The interested reader may refer to [NIST,2010] for 
further information on the whole plan. Once the core-core task is presented and briefly 
analysed, we will present the NIST SRE 2012 which will act as evaluation set. 

• Background training set: Like in previously presented scenarios, the data 
assigned to this set is going to be used to learn the background parameters of the 
algorithm (UBM, subspaces, etc.) or for normalisation purposes. Although 
according to the SRE 2010 plan there is no limit in the data used for this 
purpose, we have selected the NIST SRE 2004, 2006 and 2008 databases 
presented in section 4.1.4. Thus the selected data covers a great number of 
different speakers, as well as different recording devices, transmission channels, 
and recording environments. Table 4-6, Table 4-7 and Table 4-8, provide a 
description of the amount of data that we are going to manage in this set, which 
clearly is much greater than any of the ones managed so far. 
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• Development set: As we have already said, we are going to use the core-core 
task defined in the NIST SRE 2010 plan as development set. NIST SRE focuses 
on speaker detection in the context of conversational speech over multiple types 
of channels. This means that given a target speaker and a test speech segment, 
the goal is to determine whether the target is speaking in the test segment, taking 
into account that no cross-gender detection will be required. The decision is 
twofold, for each trial a hard decision (true or false) must be made as well as a 
score in the form of log-likelihood ratio needs to be provided. Therefore the 
development set is divided into two different subsets: enrolment and test. 
Regarding the recording characteristics, it should be noted that all recordings (no 
matter if they are for train or test purposes) are in English. Additionally, training 
and test recordings include telephone speech recorded over different telephone 
transmission channels (cellular, cordless, land-line) and different telephone 
instruments (speaker-phone, head-mounted, ear-bud or hand-held) as well as 
speech recorded over a room microphone channel and conversational speech 
from an interview scenario recorded over a room microphone channel. It must 
also be noted that some recordings may be affected by vocal effort variability. 
Finally, the amount of speech available for training or test ranges from 3 to 8 
minutes. 
Table 4-15 reflects the number of models that must be generated, along with the 
number of different speakers and the number of trials that must be performed. 

 Number of models to 
train 

Number of different 
speakers Number of trials 

MALE 2434 206 273787 
FEMALE 3026 234 336961 

Table 4-15 Number of models, speakers and trails to be processed 
It is also interesting to note that the core-core task is further divided into 
different trial subsets as reflected in the evaluation plan and reproduced below: 

1. All trials involve interview speech with matched microphones for train 
and test. 

2. All trials involve interview speech with unmatched microphones for train 
and test. 

3. All trials involve interview training speech and normal vocal effort 
conversational telephone test speech. 

4. All trials involve interview training speech and normal vocal effort 
conversational telephone test speech recorded over a room microphone 
channel. 

5. All different number trials involve normal vocal effort conversational 
telephone speech in training and test. 

6. All Telephone channel trials involve normal vocal effort conversational 
telephone speech in training and high vocal effort conversational 
telephone speech in test. 

7. All Room microphone channel trials involve normal vocal effort 
conversational telephone speech in training and high vocal effort 
conversational telephone speech in test. 
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8. All Telephone channel trials involve normal vocal effort conversational 
telephone speech in training and low vocal effort conversational 
telephone speech in test. 

9. All room microphone channel trials involve normal vocal effort 
conversational telephone speech in training and low vocal effort 
conversational telephone speech in test 

The number of models that must be generated, along with the number of 
different speakers for each of the training sub-conditions and the number of 
trials that must be performed on each of the test sub-conditions are reflected in 
Table 4-16. 

Condition Gender Number of 
models to train 

Number of 
different speakers 

Number of trials 
(target/non-target) 

1 Male 990 196 989/28114 
Female 1169 230 1163/32598 

2 Male 990 196 3463/98282 
Female 1169 230 4072/114025 

3 Male 759 177 839/26185 
Female 877 211 801/30254 

4 Male 731 171 1225/39166 
Female 789 206 1141/44370 

5 Male 290 174 355/13746 
Female 290 202 357/15958 

6 Male 181 147 178/12825 
Female 184 177 183/15486 

7 Male 180 146 179/12786 
Female 180 173 180/15211 

8 Male 119 114 119/10997 
Female 181 179 179/17309 

9 Male 117 112 117/10697 
Female 176 174 173/16533 

Table 4-16 Number of models, speakers and trails to be process in the different 
conditions of core task 

In the NIST SRE series, the performance of the systems is measured in two 
different ways: using the detection cost function and Detection Error Trade-off 
(DET) curves. Based on the hard decision made for each trial, the detection cost 
function can be defined as a weighted sum of miss and false alarm error 
probabilities: 

𝐶𝐷𝐸𝑇 = 𝐶𝑀𝑖𝑠𝑠 × 𝑃𝑀𝑖𝑠𝑠|𝑇𝑎𝑟𝑔𝑒𝑡 × 𝑃𝑇𝑎𝑟𝑔𝑒𝑡 + 𝐶𝐹𝑎𝑙𝑠𝑒 𝐴𝑙𝑎𝑟𝑚

× 𝑃𝐹𝑎𝑙𝑠𝑒 𝐴𝑙𝑎𝑟𝑚| 𝑁𝑜𝑛𝑇𝑎𝑟𝑔𝑒𝑡 × �1 − 𝑃𝑇𝑎𝑟𝑔𝑒𝑡� 

 
Eq. (4-1) 

According to the evaluation plan, the parameters of the cost function are: 
CMiss=10, CFalseAlarm=1, and PTarget=0.01. 
As previously stated, not only a hard decision but a score is also generated for 
each trial. These scores are used to produce DET curves that show how false 
rejection or misses may be trade off against false alarms. 
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However, to keep consistency with previous scenarios, we are going to work 
with EER quality measure instead of CDET.  
Before moving into the evaluation set, it is worthy to provide some notes on the 
systems presented to the NIST SRE 2010, and the results achieved by them.  

o System description: As previously reported, up to 58 sites have 
participated in the NIST SRE 2010. Due to the division of the evaluation 
in different tasks, it is difficult to determine which of the systems 
presented is the one achieving the best overall results, therefore, in this 
section we are going to focus just on the systems that have obtained the 
most successful rates on different conditions of the core-core task, 
namely in alphabetical order: ABC, I4U, ILFY, LPT, SRI and SVIST. 
One thing that is common to all these systems is the fact that they result 
from the fusion of multiple subsystems, each using their own set of 
features and their own classifiers. Brief notes on the types of features and 
classifiers used by these systems are presented in Table 4-18, according 
to the system descriptions presented at NIST SRE 2010 Workshop. It 
should be pointed out that not all the sites provide specific information of 
the type of features used with each classifier, and that sometimes the 
same set of features have been used as a common front-end for different 
classifiers. This situation is highlighted in red in Table 4-18. 
Glossary of terms in Table 4-18: 

 LVCSR → Large-Vocabulary Continuous Speech Recognition 
 PLDA → Probabilistic Linear Discriminant Analysis 

 PLP → Perceptual Linear Prediction 
 SCM-SCF → Spectral Centroid Magnitude – Spectral Centroid 

Frequency 
 SWLP → Stabilised Weighted Linear Prediction 

 GMM-UBM-JFA → Joint Factor Analysis built on top of a the 
classical GMM-UBM approach 

 GMM-SVM-KL  → GMM-SVM with KL(Kullback-Lieber) 
kernel 

 GMM-SVM-BHATT → GMM-SVM with Bhattacharyya kernel 
 GMM-SVM-FT → Feature Transform parameters vectorised and 

compared via SVM. 
o Results: The recognition rates (in terms of EER or CDET) achieved in the 

different tasks vary significantly among different systems submitted to 
the assessment, and especially between first-time attending sites and sites 
with long history in the evaluation editions. Lowest error rates, in terms 
of EER, set the state-of-the-art in Speaker Recognition, in the ranges 
shown on Table 4-17, according to the different tasks proposed in the 
evaluation. Since the core-core task is divided in 9 different conditions, it 
seems appropriate to provide EER’s independently for each condition. 
However, these values must be interpreted taking into account that no 
gender distinction have been procured.   

 228 



TEST BENCH 

Trail Condition EER range 
Condition 1 1.0% - 2.0% 
Condition 2 2.0% - 4.0% 
Condition 3 1.5% - 2.0% 
Condition 4 1.5% - 2.5% 
Condition 5 1.5% - 2.5% 
Condition 6 2.0% - 5.0% 
Condition 7 4.0% - 5.0% 
Condition 8 0.5% - 1.0% 
Condition 9 1.0% - 2.0% 

Table 4-17 EER ranges for the different tasks on NIST SRE 2010 

The following sequence of DET curves shows the results achieved by all 
the systems in the core-core task for the 9 different conditions.
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ABC I4U IFLY LPT SRI SVIST 
Features Classifiers Features Classifiers Features Classifiers Features Classifiers Features Classifiers Features Classifiers 

MFCC UBM-JFA LPCC GMM-
UBM-JFA PLP GMM-

UBM-JFA MFCC GMM-
UBM-JFA Cepstrum GMM-UBM-

JFA PLP GMM-
UBM-JFA 

MFCC i-vectors PLP GMM-
SVM-KL LPCC+PLP GMM-

UBM-JFA PLP GMM-
UBM-JFA 

Constrained 
Cepstrum 

GMM-UBM-
JFA LPCC i-vectors 

MFCC i-vectors MFCC 
GMM-
SVM-

BHATT 
LPCC+PLP GMM-

SVM-NAP MFCC i-vectors Cepstrum 
GMM-UBM-

JFA, class 
dependent 

MFCC GMM-
SVM-NAP 

Not 
available 

i-vector 
LVCSR 

SCM-
SCF 

GMM-
SVM-FT   PLP i-vectors PLP-SAT 

Cepstrum 

GMM-UBM-
JFA, class 
dependent 

  

Not 
available 

PLDA 
i-vectors SWLP      

MLLR 
transform 

from English 
ASR 

SVM   

Prosodic 
(temporal 

trajectories 
of pitch and 

energy) 

UBM-JFA       Word 
Ngrams SVM   

PLP 
SVM 

CMLLR-
MLLR 

      Prosodic 
GMM-JFA+ 
Score-level 
combination 

  

MFCC i-vectors LPCC GMM-
UBM-JFA         

Table 4-18 Features and Classifiers used by the top 6 systems 
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Figure 4-4 Set of DET curves obtained for the different conditions (1 to 6) of the core-
core task (provided by NIST) 
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Figure 4-5 Set of DET curves obtained for the different conditions (7 to 9) of the core-
core task (provided by NIST) 

• Evaluation set: As previously presented, we are going to analyse the 
performance of our system using the core-core task defined in the NIST SRE 
2012 plan. As discussed above, there are some similarities between the 2012 and 
2010 SRE plans, but also some differences that are worth noting.  

Like in previous evaluations, the task is to determine whether a specific target 
speaker is speaking during a given segment of speech, in the context of 
conversational speech over multiple types of channels. However, in this case, 
one or more samples of speech data, coming from multiple channels 
(microphone and telephone recordings), are available for training/creating the 
speaker’s model. Similar to SRE 2010, all of the speech in SRE 2012 is 
expected to be in English, though English may not be the first language of some 
of the speakers included. 

To evaluate the performance of the system, a sequence of trials, where each trial 
consists of a target speaker, defined by the training data provided, and a test 
segment, is presented to the system. For each trial, the system must provide an 
output score, in form of an LLR, representing the system’s confidence that the 
target speaker is speaking in the test segment. No detection decision needs to be 
provided. It must be noted that no cross-gender trials are performed. 
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An additional difference respect to previous SREs relies in the fact that 
knowledge of all targets is allowed to compute each trial’s detection score.  
Regarding the type of data present as test samples in the trials, the systems must 
deal with one two-channel excerpt from a telephone conversation or interview, 
containing nominally between 20 and 160 seconds of target speaker speech. 
Moreover, some of these test segments will have additive noise imposed.  
According to the NIST SRE 2012 plan, the core-core task can be divided into 
five different subsets:  

1. All trials involving multiple segment training and interview speech in 
test without added noise in test 

2. All trials involving multiple segment training and phone call speech in 
test without added noise in test. 

3. All trials involving multiple segment training and interview speech with 
added noise in test.  

4. All trials involving multiple segment training and phone call speech with 
added noise in test. 

5. All trials involving multiple segment training and phone call speech 
intentionally collected in a noisy environment in test. 

The subsets of core-core task differ significantly from those presented in the 
SRE 2010 plan. In first place, due to the fact of allowing multiple recordings, 
from multiple channels, under multiple environment conditions to create each 
target’s model. Secondly due to the fact of introducing artificial noise in the test 
recordings (see subsets 3 and 4). 

Table 4-19 summarises the most relevant information regarding the number of 
speakers and files involved in each trial subset. 

Trial 
Condition Gender 

# 
Different 
Speakers 

# Train Files # Test 
Files 

# Trials  

Total Min per 
Speaker 

Max per 
Speaker Target K_NT U_NT 

CC-0 Male 53 550 1 61 26511 8388  93796 89519 
Female 95 1380 1 62 37502 12231 245274 126321 

CC-1 Male 13 510 22 61 8849 719 8055 14691 
Female 35 1320 2 62 14013 2178 38546 47180 

CC-2 Male 723 16383 1 182 2588 1296 70621 29787 
Female 1095 22949 1 143 4045 2175 164888 73003 

CC-3 Male 13 510 22 61 7048 960 9136 7480 
Female 35 1320 2 62 10522 2891 39896 12568 

CC-4 Male 723 16383 1 182 3240 2775 122625 - 
Female 1095 22949 1 143 4518 4401 289218 4872 

CC-5 Male 723 16383 1 182 1927 1534 61311 - 
Female 1095 22949 1 143 2837 2349 148221 2406 

Table 4-19 Description of the contents of the different subsets of the NIST SRE 
2012 core-core task 

Where K-NT refers to a non-target trial where the test segment belongs to a 
known speaker, i.e. a speaker present in the target subset; and U_NT, refers to a 
non-target trial where no previous knowledge of the speaker is available. 
Additionally, it must be noted that, in the core-core task, there are 575529 trials 
that are not registered under one of the specified subsets, labelled in Table 4-19 
as CC-0.  
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Finally, it must be noted that according to the evaluation plan the performance 
measure of the systems is the detection cost, computed slightly different if 
compared to 2010. However, we will keep on working with EER as the 
performance measure for consistency with previous tests. 
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5 APPLICATION TO SPEAKER RECOGNITION 
In this chapter we will present both the systems we have specifically developed to face 
the experiments outlined in the previous chapter, as well as the most significant results 
that we have obtained.  
Regarding the description of the recognition system, we must keep in mind two basic 
aspects. On one hand, the fact that the main objective of the present study is to probe 
that a gender-dependent extended-biometric (GDEB) characterisation of speakers can 
improve the performance of speaker recognition systems; on the other hand, we must 
take into account that, as stated before, a straight comparison of two systems results is 
not possible if it is not assured that both of them operate under the same conditions 
(which as previously established it is not the case in NIST nor ICB2013 evaluations). 
For these reasons, we have considered it necessary to develop not only a speaker 
recognition system based on GDEB characterisation but also a system that meets the 
state-of-the-art specifications regarding the front-end, which we call Baseline. Thus we 
can directly compare the two systems since we can guarantee that both of them are 
subject to the same conditions during the experiments.  
In order to check whether the improvements that can be achieved through the use of the 
new parameterisation are consistent with any type of classifier, we found it interesting 
to implement different classification algorithms. Specifically, three different systems 
have been implemented based on the GMM-UBM paradigm, the GMM supervectors 
with dimensionality reduction and the i-vector approach. So actually, we have 
developed three different speaker recognition systems that can be fed with two different 
front-end systems. Exposing the systems to the same test bench, and by direct 
comparison of recognition rates, we can check whether the new speaker characterisation 
introduces an improvement or not.  

Finally we will present the results obtained in the experiments previously described 
using the set of speaker recognition systems that will be presented next. The only 
experiment in which all systems have been used is in the case of NIST related tests, as 
in other cases, either because of limitations in the number of speakers or because of the 
absence of channel variability; we have decided that only the use of the GMM-UBM 
paradigm is relevant. 

5.1 SYSTEM DESCRIPTION 

5.1.1 Baseline front-end 

We apply the Baseline front-end tag to the system providing classical parameterisation 
of voice, i.e. characterisation parameters extracted from the power spectral density 
(PSD) of speech as whole. As it has been shown most systems submitted to the NIST 
SREs, MOBIO evaluation as well as most commercial speaker recognition systems still 
use this kind of front-end. The PSD is estimated following standard methods such as 
FFT or LPC evaluated over overlapped sliding windows of the evaluated frame. Then 
the PSD is parameterised in order to obtain Mel-Frequency Cepstral Coefficient 
(MFCC) patterns and their temporal derivatives (∆MFCC and ∆∆MFCC), which 
aligned in streams will serve as templates in the classification process. Additionally, 
different techniques can be applied in order to reduce the distortion caused by 
transmission channel and to make them robust to noise, such as Cepstral Mean 
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Subtraction (CMS), RASTA filtering, short-time Gaussianisation or/and Feature 
Warping. In what follows a more detailed description of the feature extraction process 
and the algorithms applied to reduce noise and channel distortion effects will be 
presented. 
Figure 5-1 provides a graphical description of the process followed to extract the MFCC 
feature vectors from a speech signal. In the first place a pre-emphasis filter is applied to 
the whole signal, which actually is implemented as a high-pass filter  

𝐻𝑝𝑟𝑒(𝑧) = 1 + 𝑎𝑝𝑟𝑒𝑧−1 Eq. (5-1) 

With apre=-0.98. Then, in step 2, the signal is broken down in short frames, typically 
lasting 32 ms, to which a smoothing window function is applied (e.g. a Hamming 
window as shown in Figure 5-1 both in temporal representation and frequency 
response). From the windowed frame, the Fast-Fourier Transform (FFT) is applied in 
order to decompose the signal into its frequency components, which constitutes step 3. 
For practical reasons in step 4 only the magnitude of the spectrum is retained. During 
step 5, mel-scale filter banks (typically 20 or 24 filters) are applied to perform energy 
integration over neighbouring frequency bands. Due to database specifications, the 
bandwidth is limited to 0-4000Hz (except for the MOBIO database which is recorded at 
16 kHz). Finally, we take the log of this spectral envelope and multiply each coefficient 
by 20 in order to obtain the spectral envelope in dB, and the inverse FFT is applied to 
obtain the MFCC coefficients (typically 18). 

Taking into account that this front-end is going to be applied in different scenarios, i.e. 
using different databases which include recordings registered under different noise 
conditions, it is necessary to perform a noise reduction preprocessing step. In this case a 
variation of the Ephraim-Malah spectral subtraction algorithm in a single channel is 
applied [Ephraim,1985]. 
As it has already been said, dynamic information extracted from MFCCs should also be 
computed, as well as noise and channel distortion reduction techniques may be applied. 
For this purpose, once the set of MFCC feature vectors have been computed for the 
whole speech signal, Cepstral Mean Subtraction (CMS), Feature Warping (FW) and 
Rasta filtering algorithms are applied. The CMS algorithm, [Furui,1981], mainly 
consists in computing the mean of each cepstral coefficient over the length of the 
current utterance, then the mean value is subtracted from the original cepstral 
coefficient, thus removing the channel induced effects as well as any other stationary 
speech component. The aim of the FW process, [Pelecanos,2001], is to transform the 
original cepstral coefficients so that they follow a specific target distribution, for 
instance a normal distribution, over a window of speech frames, typically a 3-second 
window. It provides a set of features that are supposed to be robust to channel 
mismatch, additive noise and nonlinear effects attributed to handset transducers. In the 
case of RASTA filtering, [Hermansky,1994], it tries to remove the spectral components 
that change at different rates than the one present in speech, i.e. it tries to remove 
convolutional and additive noise. 
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Figure 5-1 Classical feature extraction process 

Additionally, a frame selection algorithm, which is database dependent, must be applied 
to select only those frames containing speaker’s relevant information. In the case of the 
experiments designed using the HESPERIA, ALBAYZIN, and MOBIO databases, 
where only single-channel recordings are present, an adaptive VAD algorithm based on 
energy detection has been implemented and computed over a 64 ms-long Blackman 
window with 13 ms overlap. This frame selection algorithm can also be applied in the 
case of NIST SRE experiments. However, in this last case a complex speaker detection 
algorithm can be applied based on cross-channel speaker cancelation and ASR 
(automatic speech recognition) availability of the given recordings. 
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Figure 5-2 summarises the main blocks involved in the present approach. It is worth 
noting that the use of this front-end does not necessarily imply that the generated feature 
vectors have to be gender-independent. In other words, selecting different configuration 
parameters in the different stages of the presented front-end depending on gender will 
result in a gender-dependent configuration. However, all the speaker recognition 
systems analysed so far use this type of front-end in a gender-independent 
configuration, so the same set of parameters are used regardless the gender of the 
speaker to model. Nevertheless, feature vectors generated by this process, contain only 
what we have called classical features. 
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Figure 5-2 Feature Vector Composition with compensation techniques 
Additionally, alternative parameters can be added to the feature vectors such as energy 
of the frame (E), delta energy (∆E), pitch (F0) or even the estimation of the formants. 
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Particularly, formant 3 (F3) seems to provide relevant information for speaker 
recognition purposes. Energy and ∆E coefficients are typically used as they constitute a 
heritage from the speech recognition area. The use of F0 may be justified by the fact 
that it takes values in different ranges depending on the gender (typically used for 
gender detection purposes) as well as different values depending on the speaker. Finally 
we propose the use of F3, which to the author’s knowledge, has not been reported to be 
specifically used for speaker recognition. If we assume that vocal tract length is 
different between different speakers, and taken into account that different size vocal 
tracts causes the formants to move up and down on the frequency scale, and that 
formant F1 and F2 are classically associated to vowel detection, we can expect F3 to 
provide speaker related information. This concept has been previously applied for 
speech recognition in the form of Vocal Tract Length Normalisation [Welling,2002]. 

5.1.2 Gender-Dependent Extended-Biometric front-end 

The Gender-Dependent Extended-Biometrics (GDEB) front-end can be regarded as an 
augmented version of the Baseline front-end. As previously stated the Baseline front-
end can be configured to produce different sets of parameters depending on the gender. 
Taking as starting point the Baseline front-end, the GDEB front-end allows the user to 
configure different numbers of MFCCs and different numbers of filters depending on 
the gender, but following the same extraction process presented on section 5.1.1.  

The use of the term Extended-Biometrics is based on the fact that through the use of this 
front-end it is possible to augment the classical features already presented, with a set of 
parameters obtained from the vocal tract and glottal source estimated signals extracted 
from the original voice signal. 

The Source-Tract separation algorithm proposed in section 2.3.2 has proved its value 
when applied to specific high-quality text-dependent waveforms in a voice pathology 
detection context (especially productions of vowel a in which vocal tract stability is 
assured). In that context the algorithm provides an exact reconstruction of the glottal 
source from the original voice signal  [Gómez,2009]. However, in the context of text-
constrained or text-independent speaker recognition, the application of this algorithm is 
constrained by the following restrictions: 

• Quality of the recordings: In voice pathology detection speech waveforms are 
usually recorded in controlled environments (especially hospitals) on high-
quality basis. However, in speaker recognition applications this ideal situation is 
not always present. For instance in forensic applications, where the goal is to 
identify whether a questioned recording belongs to a suspected speaker, experts 
must face the problem of extremely different quality recordings between the 
questioned and the known voice. This scenario is also present in the context of 
NIST Evaluations, as systems must deal with recordings captured using different 
types of microphones, telephones (cellular, cordless, land line), different 
transmission channels, and even different vocal effort recordings. 

• Text-independence: Although in security applications, it is usual to find text-
dependent speaker recognition systems, these restrictions do not always hold, as 
in the case of the NIST or MOBIO evaluations. In order to apply the proposed 
algorithm an extra stage must be added to the system in order to detect specific 
voiced frames in which the glottal source should be present, thus adding more 
complexity to the system. 
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To overcome these restrictions, an alternative “Source-Tract” separation is proposed 
(see Section 5.1.2.1). The reader must note that Source and Tract have been deliberately 
quoted as by applying the algorithm, neither the source nor the vocal tract is extracted. 
Instead a glottal estimate and a vocal tract estimate are obtained that can also be used 
for speaker modelling purposes. 

5.1.2.1 Glottal Estimate – Vocal Tract Estimate Separation Algorithm 

The goal of this algorithm [Gómez,2008]  is to provide a glottal estimate and a vocal 
tract estimate from continuous speech. It presents some common blocks with the 
algorithms described in Chapter 2. More precisely: 

• Radiation Compensation Block: A first order prediction lattice has been 
implemented to compensate lip radiation effects, as explained in section 2.3.2 

• Inverse Filtering Block: A k-order filtering process is applied to remove the 
vocal tract information from the radiation compensated speech. This process can 
be implemented using a k-order prediction error lattice.  

• Joint-Process Estimation Block (JPE): The residual is used as the reference 
signal in an Adaptive Lattice-Ladder filter used for Joint-Process Estimation on 
the radiation-compensated speech sl(n). Through this process, a glottal estimate 
and a vocal tract estimate are extracted which can be considered fully 
uncorrelated (second-order decoupling) [Gómez,2008]. 
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Figure 5-3 Separation algorithm with lip radiation compensation using first order 
prediction lattice 

5.1.2.2 Algorithm’s parameter tuning 

The previously described algorithm needs to be tuned according to the kind of 
recordings it is supposed to deal with, i.e. we need to find the best parameters in the 
Inverse Filtering Block that provide the best second order decoupling in the estimated 
signals. Different values have been tested for the two specific parameters used in the 
Inverse Filtering Block, namely, the order of the filter and the forgetting factor, which 
according to [Griffiths,1977] “helps it deal better with statistical variations when 
operating in non-stationary environments”. 

As the algorithm needs to be tuned accordingly to the kind of recordings, this means 
that no universal configuration can be provided, instead, when applied, it is necessary to 
define a development set which collects the variability of data under test and which 
helps in tuning the meta-parameters of the algorithms used. These meta-parameters 
which are usually the number of Gaussians, dimension of subspaces, etc., in our case 
include also the order of the filter and the forgetting factor of the source-tract separation 
algorithm as well as the number of filters in the filter bank used to compute the cepstral 
coefficients and the number of MFCCs for each of the 3 different signals available. 
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5.1.2.3 Feature vector composition 

As previously stated, the main objective of the present study is to probe that a GDEB 
characterisation of speakers can improve the performance of speaker recognition 
systems. This means that the set of parameters generated by the front-end are going to 
be different depending on the gender. However, our proposal does not represent a 
complete break with the classical approach; on the contrary it can be seen as an 
extended version where classical MFCC parameters are augmented with MFCC 
parameters extracted from the vocal tract and glottal source estimates, to form the 
feature vector.  
From this point of view Figure 5-4 shows the generic form of the feature vector 
generated by the GDEB front-end; which is common to both genders. Therefore, the 
differences between male and female feature vectors, rely on the set up of the 
previously described algorithms, i.e. the number of filters used to extract the MFCC for 
the three different signals (raw voice, glottal estimate and vocal tract estimate), the 
number of MFCCs and also the order of the filter and the forgetting factor coefficient 
used to get the glottal and vocal tract estimates. 

Additionally, as mentioned before, we have also investigated the inclusion of other 
parameters frequently used in speaker recognition systems such as: frame energy, ∆E, 
pitch (F0), and a new one such as the third formant (F3) estimate. 
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Figure 5-4 Parameterisation scheme used for male speakers 

5.1.3 Speaker Recognition systems 

Three different classification algorithms have been implemented in, which are 
considered both the state of the art and new trends in speaker recognition. Specifically, 
these three systems are a GMM-UBM classifier, a GMM-supervector classifier with 
dimensionality reduction and last but not least, an i-vector classifier. 

5.1.3.1 GMM-UBM 

A block diagram of the Automatic Speaker Verification system implemented using the 
GMM-UBM approach is shown in Figure 5-5. In this section we do not care about the 
digital speech data acquisition step and the feature extraction process which have been 
already presented.  
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In the set of experiments that has been carried out, we have used a standard mixture 
classifier with diagonal covariance matrix. Each speaker is represented by a Gaussian 
Mixture Model (GMM), λspeaker-k, which has been adapted from a gender-dependent 
Universal Background Model (UBM) using the MAP algorithm in which only the 
distribution means have been adapted (part B in Figure 5-5). The UBM is also 
represented as a GMM, λUBM, which has been trained from the training set via the EM-
algorithm (part A in Figure 5-5). The number of Gaussians as well as the relevance 
factor used in the MAP-algorithm depend on the specific experiment carried out.  

The Log-Likelihood Ratio (LLR) has been the score used to take a decision on whether 
a test audio-segment is likely to be spoken by a specific speaker, with claimed identity 
λspeaker-i. In other words, the set of feature vectors extracted from a test audio segment is 
compared with the claimed speaker model giving a match score which measures their 
similarity (part C in Figure 5-5).  

𝐿𝐿𝑅�𝑋, 𝜆𝑠𝑝𝑒𝑎𝑘𝑒𝑟−𝑖� = log𝑃�𝑋|𝜆𝑠𝑝𝑒𝑎𝑘𝑒𝑟−𝑖� − log𝑃(𝑋|𝜆𝑈𝐵𝑀) Eq. (5-2) 

Additionally, the decision scores can be normalised using Zero Normalisation (ZNorm) 
and Test Normalisation (TNorm) or by combining both of them. In the case of ZNorm, 
the normalised score is given by: 

𝑆𝑍𝑁𝑜𝑟𝑚 =
log �𝑃�𝑋|𝜆𝑠𝑝𝑒𝑎𝑘𝑒𝑟−𝑖�� − 𝜇𝑍

𝜎𝑍
 Eq. (5-3) 

where µZ and σZ are the mean and standard deviation for the impostor distribution. To 
estimate these values, the target speaker model is tested against utterances from 
impostors; this results in a set of likelihood scores from which the impostor distribution 
is estimated. 
TNorm also uses mean and standard deviation as normalisation parameters, but in this 
case a set of impostors is used to estimate the log-likelihood for the test input utterance. 
So mean and variance is computed for these impostor scores and the normalised score is 
computed like in Eq. (5-3). 
It must be noted that in the set of experiments defined using the databases HESPERIA, 
ALBAYZIN and MOBIO, the number of available speakers for normalisation purposes 
is quite limited. So the results obtained when applying these normalisations will be 
influenced by this fact. 
Finally a decision is made to either accept or reject the claimant according to the match 
scores, and a specific threshold (part D in Figure 5-5). 
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Figure 5-5 GMM-UBM speaker verification system implemented  

5.1.3.2 SV-GMM 

A block diagram of the Automatic Speaker Verification system implemented using the 
SV-GMM approach is shown in Figure 5-6. Like in the previous section, the digital 
speech data acquisition step and the feature extraction process are not going to be 
detailed here. 

In the set of experiments that has been carried out, a gender-dependent UBM has been 
built (part A in Figure 5-6) via EM-algorithm using a specific training set. From this 
UBM, each speaker model has been adapted (part B in Figure 5-6), using the MAP 
algorithm in which only the distribution means have been updated. The number of 
Gaussians as well as the relevance factor used on the MAP-algorithm depend on the 
specific experiment carried out. A vector to supervector mapping is then applied to 
transform the GMM model obtained by MAP adaptation into a supervector. In order to 
make the problem computationally efficient, a dimensionality reduction step has been 
added based on PCA (detailed in Chapter 3). For the sake of simplicity, the PCA matrix 
training process as well as the data used to train this matrix have been removed in 
Figure 5-6. 
Additionally, and depending on the specific experiment to be carried out, intersession 
variability compensation must be applied. In our case, WCCN and LDA (both of them 
detailed in Chapter 3) are combined.  
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As the test recordings can be transformed also into a supervector by the previously 
explained process (part C in Figure 5-6), a distance between two vectors must be 
defined in order to make a decision on whether the test recording has been uttered by 
the claimed speaker (part D in Figure 5-6). Usually the Euclidean distance or the Cosine 
distance is used in the decision step. 

 
Figure 5-6 SV-GMM speaker verification system implemented to run the NIST 
experiments 

5.1.3.3 i-vectors 

As it is shown in Figure 5-7, the Automatic Speaker Verification system implemented 
using the i-vector approach presents a strong resemblance to the SV-GMM system 
previously described. The main difference relies in the fact that an i–vector is used to 
represent each speaker instead of using a supervector. As in previous sections, the 
digital speech data acquisition step and the feature extraction process are not going to be 
detailed here. 

Like in the previously presented systems, it is necessary to build a gender-dependent 
UBM, which is going to be used to build the speaker’s specific model, in this case 
represented as an i-vector (part A in Figure 5-7). A total variability matrix is applied to 
transform the feature vectors extracted from the training utterance into a set of speaker 
factors in a low-dimensional total variability space (part B in Figure 5-7). For the sake 
of simplicity, the matrix T training process as well as the data used to train this matrix 
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have been removed from Figure 5-7. The same process is applied to obtain the i-vector 
from the test utterance (part C in Figure 5-7).  
Again, WCCN and LDA are combined to perform inter-session variability 
compensation before scoring. 
The cosine kernel distance between the i-vector of an enrolment utterance and the i-
vector of a test segment is compared to a decision thresholdθ, to accept or reject a given 
trial. As no target model is required, and i-vectors are smaller in size, the decision 
process is faster and less computationally demanding compared to other methods. (Part 
D in Figure 5-7) 
 

 

Figure 5-7 i-vector speaker verification system implemented to run the NIST 
experiments 

5.2 RESULTS 
In this section we are going to present the results obtained for each of the experiments 
described in Chapter 4. It must be noted that the purpose of the experiments carried out 
is to show that an accurate characterisation based on GDEB characteristics will provide 
better recognition rates than classical approaches based on gender-independent speaker 
characterisation.  
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In almost all the experiments that we have processed, we have followed the same 
approach. Specifically, we begin by performing a search over classical parameters (i.e. 
the ones extracted using the baseline front-end), in order to get the best performance (in 
terms of recognition rates, mainly EER) taking into account that we assume a gender-
independent characterisation. Simultaneously, we will try to throw light on some myths 
about the use of these parameters. Specifically, we will show that introducing the ∆∆ 
coefficients in the feature vectors used to characterise the speaker does not usually 
provide any additional advantage. Actually the use of these parameters is derived from 
the fact that many researchers currently working in speaker recognition came from the 
voice recognition area, in which obviously these parameters contain relevant 
information. In other words, ∆∆ coefficients incorporate information more related to the 
transmitted message than to the speaker. 

Once we have found a baseline to beat, the next step consists in introducing what we 
have called the extended-biometric parameters into the gender-dependent feature vector 
in order to verify that they provide an accurate characterisation of speaker, and thus 
better recognition rates. 

Finally, we should point out that despite having presented three different classification 
systems: GMM-UBM, SV-GMM and i-vectors; for the set of experiments designed 
using the databases HESPERIA, ALBAYZIN and MOBIO only the GMM-UBM 
approach is going to be used. The main reason for this choice is that in order to use the 
other two classifiers it is necessary to have a high volume of data to train the T matrix 
and the PCA matrix. 

5.2.1 Text-Constrained Speaker Recognition 

In this section we will present the results obtained in the two defined scenarios. The aim 
of this section is manifold. First of all, we need to determine whether a gender-
dependent characterisation of speakers provides some improvement, in terms of 
recognition rates, respect to the use of a gender-independent characterisation (regarding 
the number of MFCC and filters used to compute them). At the same time we will use 
this set of experiments to analyse the usefulness of certain extra parameters frequently 
used in speaker recognition systems such as: frame energy, ∆E or pitch (F0), and a new 
one, namely, the third formant estimate (F3). We also want to verify whether the use of 
∆ and ∆∆ coefficients is justified in the speaker recognition area. Last but not least, we 
need to verify whether the extended-biometric parameters proposed are useful for 
speaker characterisation purposes, and thus are able to improve speaker-recognition 
system rates. 
For each of the proposed scenarios, we will present the results obtained using both the 
Baseline and the GDEB front-ends, when applied to the GMM-UBM approach. Neither 
the SV-GMM nor the i-vector approaches will be used on these tests, due to the limited 
amount of data available for training the corresponding matrices. Additionally, different 
score normalisation techniques will be applied (i.e. TNorm, ZNorm and ZTNorm) in 
order to analyse the effect of such proposals on the results obtained. 

In order to evaluate the performance of the systems, regardless the scenario, we will use 
the Equal Error Rate (EER) quality measure, and the Half Total Error Rate (HTER) 
which can be defined from a score threshold, θdev, obtained from the development set as 
follows: 
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𝜃𝑑𝑒𝑣 = |𝐹𝐴𝑅𝑑𝑒𝑣(𝜃) − 𝐹𝑅𝑅𝑑𝑒𝑣(𝜃)|𝜃
𝑎𝑟𝑔𝑚𝑖𝑛  Eq. (5-4) 

Where FAR, is the False Acceptance Rate and FRR, is the False Rejection Rate. This 
score threshold, θdev, provides the EER operating point for the system on development: 

𝐸𝐸𝑅 =
𝐹𝐴𝑅𝑑𝑒𝑣(𝜃𝑑𝑒𝑣) + 𝐹𝑅𝑅𝑑𝑒𝑣(𝜃𝑑𝑒𝑣)

2  Eq. (5-5) 

This threshold is then used on the evaluation data set to obtain the HTER that can be 
defined as: 

𝐻𝑇𝐸𝑅 =
𝐹𝐴𝑅𝑒𝑣𝑎𝑙(𝜃𝑑𝑒𝑣) + 𝐹𝑅𝑅𝑒𝑣𝑎𝑙(𝜃𝑑𝑒𝑣)

2  Eq. (5-6) 

Based on these metrics, we proposed a battery of tests using the Baseline front-end in 
order to minimise the EER. However, as no cross-gender trials are going to be present, 
we can define a new metric which we call Half Equal Error Rate, HEER: 

𝐻𝐸𝐸𝑅 =
𝐸𝐸𝑅𝑀(𝑀𝐹𝐶𝐶,𝐹,∆,∆∆,𝐺,𝛼) + 𝐸𝐸𝑅𝐹(𝑀𝐹𝐶𝐶,𝐹,∆,∆∆,𝐺,𝛼)

2  Eq. (5-7) 

Where MFCC={12,14,16,18,19,20,21,22,23,24,25,26} denotes the number of MFCC 
coefficients computed,  F={24,28,30,34,38,40,44,48,50} refers to the number of filters 
on the filter bank used to compute the MFCCs, ∆={true/false} and ∆∆={true/false} 
refers to the whether the ∆ (delta) and ∆∆ (double-delta) coefficients are present on the 
feature vector, G={256,512} refers to number of Gaussians used to build both the UBM 
and the speaker’s models; finally α={5,8,10,16,20} represents the relevance factor used 
to adapt the speaker’s model from the UBM using the MAP algorithm. The admitted 
values for each parameter, in brackets, that have been tested are typical values used for 
the kind of problem we are facing. In Eq. (5-7), we distinguish between EER for male 
(EERM) and female speakers (EERF). Obviously, when using a gender-independent 
parameterisation, it is necessary to reach a compromise between both EER in order to 
minimise HEER. However, when using a gender-dependent parameterisation, this 
compromise disappears and the objective is to minimise EERM and EERF independently. 

It is worth noting that the threshold used will be different depending on the gender, 
since no normalisation has been carried out on the scores in order to obtain a universal 
threshold. 
Additionally, the error rates are going to be represented using the Detection Error 
Trade-off (DET) curves, where the FRR is plotted against the FAR. The DET curves can 
be used to evaluate the calibration of the verification system. 

5.2.1.1 Scenario 1 (mic-mic) 

In what follows, the results obtained on the development set will be presented. 
Throughout the use of the development set, we are going to tune the recognition system 
background parameters and meta-parameters. Starting with the Baseline front-end, in a 
gender-independent configuration, we are going to verify the usefulness of classical 
parameters (e.g. MFCCs, MFCCs+∆, and MFCCs+∆+∆∆), the effect of the number of 
MFCC coefficients and, the number of filters used on the filter bank to compute the 
MFCCs. This process can be followed as well in the case of using the GDEB front-end, 
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even in the case of not adding augmented parameters and just using a gender-dependent 
configuration. Subsequently, we will test the effect of adding what we have called extra 
parameters, i.e. Energy, ∆ Energy, Pitch (F0) and third formant estimate (F3), both on 
the gender-dependent and gender-independent configurations. Last but not least, we will 
verify the viability of using the extended-biometric parameters extracted by the GDEB 
front-end, for speaker recognition purposes.  

In this set of experiments, we have ruled out a detail analysis of the number of 
Gaussians used in each model as this number mainly depends on the number of classes 
to be modelled which in turn depends on the type and number of parameters used on the 
model. Additionally in the first approach, no score normalisation techniques have been 
applied, later on we will face the influence of the different score normalisation 
processes on the performance of the systems. 

Finally, once the settings are fixed for both front-ends, and a score threshold is 
established on the development set, actual system performance can be checked out 
using the evaluation set, as we are facing the systems to meet unknown data. 
The first set of figures represents the results obtained in terms of HEER, based on each 
of the configuration parameters in Eq. (5-7), assuming that we are using the Baseline 
front-end, thus a gender-independent configuration (labelled as GIC), and no score 
normalisation is applied.  
The process followed, consists in fixing a value for a specific parameter and test, for the 
rest of configurable parameters which configuration provides better results in terms of 
HEER. For instance, regarding the number of MFCCs, we start by fixing its value to 12, 
and we test all the combinations for the remaining parameters, selecting the one 
providing lower HEER. Then we move to the next MFCC value and repeat the tests.  

 
 12 14 16 18 19 20 21 22 23 24 25 26 

MFCC 6,68% 6,11% 5,25% 6,11% 6,78% 7,97% 7,65% 8,30% 7,68% 8,09% 7,18% 7,58% 

MFCC+∆ 1,28% 1,17% 1,14% 1,15% 0,96% 1,05% 1,11% 1,13% 0,91% 1,05% 1,01% 1,00% 

MFCC+∆+∆∆ 0,94% 0,93% 0,90% 0,85% 0,90% 0,96% 1,05% 1,06% 1,03% 1,06% 1,01% 0,95% 
 

Figure 5-8 HEER obtained depending on the number of MFCCs and the use of ∆ and 
∆∆ (GIC – development set) 
In Figure 5-8, we highlight the influence of the number of MFCCs, as well as the 
influence of the use of ∆ and ∆∆ coefficients on the recognition rates. Better results 
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obtained for each configuration, i.e. MFCCs, MFCCs+∆ and MFCCs+∆+∆∆ are marked 
in bold. The first conclusion that we can draw out from it is that the use of MFCCs 
alone (i.e. without ∆ or ∆∆) are not accurate enough to model speakers, as recognition 
rates are clearly worse than the ones obtained when complementing the feature vectors 
with ∆ and ∆∆ coefficients. In this case, the use of ∆∆ coefficients combined with ∆ 
coefficients, systematically produces better recognition rates than just the use of 
MFCCs+∆, especially for MFCC values between 12 and 20. However, the recognition 
rates obtained using MFCCs+∆ are also reasonably competitive, with HEER<1%. 
Regarding the number of filters, we operate following the same procedure already 
presented for the MFCC parameters. We fixed a value for F, and we tested all the 
combinations for the remaining parameters, selecting the configuration providing lower 
error rates in terms of HEER, for the specific value of F. Figure 5-9 provides the results 
obtained in terms of HEER, for the different values of parameter F, and for the three 
tested configurations, i.e. MFCCs, MFCCs+∆ and MFCCs+∆+∆∆. In this case, the 
better configuration seems to be the one in which the number of filters is 24, for both 
MFCCs+∆ and MFCCs+∆+∆∆ configurations, although a slight improvement is 
obtained for the MFCCs+∆+∆∆ when 30 filters are used, but almost  negligible. 

 

 24 28 30 34 38 40 44 48 50 
MFCC 7,57% 6,11% 6,15% 7,18% 5,25% 7,08% 6,18% 6,11% 6,70% 

MFCC+∆ 0,91% 0,99% 1,14% 1,19% 0,96% 1,26% 1,15% 1,15% 1,05% 
MFCC+∆+∆∆ 0,85% 0,89% 0,85% 0,90% 0,95% 1,01% 0,90% 0,97% 0,98% 

 

Figure 5-9 HEER obtained depending on the number of filters and the use of ∆ and ∆∆ (GIC – 
development set) 

If we consider the number of Gaussians used to model the speakers in the gender-
independent configuration, we can conclude (see Figure 5-10), that better results are 
produced when 256 Gaussians are used in the case of including ∆ or ∆∆ coefficients in 
the feature vector, while in the case of using just MFCC alone, better results are 
obtained when 512 Gaussians are used. 
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 MFCC MFCC+∆ MFCC+∆+∆∆ 
256G 6,119% 0,911% 0,857% 
512G 5,258% 0,962% 0,858% 

 

Figure 5-10 HEER obtained depending on the number of Gaussians and the use of ∆ 
and ∆∆ (GIC – development set) 
The following table, presents the specific configurations providing better recognition 
rates in terms of HEER, for the Baseline front-end (therefore in a gender-independent 
configuration), for each feature vector parameter set (i.e. MFCCs, MFCCs+∆ and 
MFCCs+∆+∆∆). Moreover, it also provides the EERF and EERM obtained in each case 
as well as the specific score threshold. 

Parameters F G α EERM 

[θM] 
EERF 

[θF] HEER 

16MFCC 
(GIC MFCC) 38 512 5 3.602% 

[0.254] 
6.913% 
[0.179] 5.258% 

23MFCC+∆ 
(GIC MFCC+∆) 

24 256 5 0.604% 
[0.324] 

1.217% 
[0.355] 0.911% 

18MFCC+∆+∆∆ 
(GIC MFCC+∆+∆∆) 

30 256 5 0.798% 
[0.346] 

0.916% 
[0.415] 0.857% 

Table 5-1 Baseline front-end based SR system providing better HEER in a gender-
independent configuration  
So far, we have used the Baseline front-end in a gender-independent configuration, thus 
the objective was to minimise HEER, reaching a compromise between EERF and EERM. 
However, as we have already pointed out, a gender-dependent configuration may 
provide an improvement in terms of HEER, as EERF and EERM are independently 
minimised, even in the case of just using classical features (i.e. MFCC, MFCC+∆ and 
MFCC+∆+∆∆). The same analysis performed in the case of the gender-independent 
configuration, has been applied for the case of the gender-dependent configuration 
(labelled as GDC). Figure 5-11 to Figure 5-15 present the results obtained in terms of 
EERX, where X ={F,M}, when the effect of the number of MFCC, the number of filters 
and the number of Gaussians in the model is analysed. 
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 12 14 16 18 19 20 21 22 23 24 25 26 

MFCC 4,02% 3,99% 2,89% 2,20% 3,19% 3,69% 4,85% 4,58% 5,06% 4,51% 3,65% 3,79% 

MFCC+∆ 0,51% 1,10% 0,92% 0,71% 0,60% 0,59% 0,50% 0,59% 0,60% 0,68% 0,49% 0,51% 

MFCC+∆+∆∆ 0,79% 0,89% 0,79% 0,60% 0,49% 0,60% 0,49% 0,42% 0,40% 0,50% 0,49% 0,49% 
 

Figure 5-11 EERM obtained depending on the number of MFCCs and the use of ∆ and 
∆∆ (GDC – development set) 

 

 12 14 16 18 19 20 21 22 23 24 25 26 
MFCC 9,34% 7,03% 6,91% 9,04% 9,01% 9,85% 9,07% 9,74% 8,57% 9,95% 9,06% 9,12% 

MFCC+∆ 1,62% 1,12% 1,10% 1,35% 1,22% 1,51% 1,70% 1,67% 1,21% 1,12% 1,31% 1,30% 

MFCC+∆+∆∆ 0,98% 0,80% 0,90% 0,91% 1,00% 1,30% 1,20% 1,42% 1,42% 1,01% 1,28% 1,20% 
 

Figure 5-12 EERF obtained depending on the number of MFCCs and the use of ∆ and 
∆∆ (GDC – development set) 
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 24 28 30 34 38 40 44 48 50 
MFCC 4,54% 2,20% 3,39% 3,65% 3,60% 3,65% 3,10% 2,89% 3,50% 

MFCC+∆ 0,60% 0,59% 0,51% 0,49% 0,50% 0,69% 0,51% 0,50% 0,50% 
MFCC+∆+∆∆ 0,60% 0,60% 0,58% 0,40% 0,49% 0,49% 0,42% 0,50% 0,52% 

 

Figure 5-13 EERM obtained depending on the number of filters and the use of ∆ and ∆∆ 
(GDC – development set) 

 

 24 28 30 34 38 40 44 48 50 
MFCC 10,14% 9,01% 7,88% 8,90% 6,91% 10,18% 9,26% 7,03% 9,07% 

MFCC+∆ 1,12% 1,12% 1,25% 1,18% 1,18% 1,40% 1,30% 1,48% 1,10% 
MFCC+∆+∆∆ 0,90% 0,90% 0,91% 0,99% 1,00% 1,09% 0,88% 1,02% 0,80% 

 

Figure 5-14 EERF obtained depending on the number of filters and the use of ∆ and ∆∆ 
(GDC – development set) 
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 G MALE - EERM FEMALE - EERF 

MFCC 256 3,140% 8,890% 
512 2,208% 6,913% 

MFCC+∆ 
256 0,500% 1,127% 
512 0,498% 1,102% 

MFCC+∆+∆∆ 
256 0,496% 0,883% 
512 0,400% 0,803% 

 

Figure 5-15 EERM (blue) and EERF (red) obtained depending on the number of 
Gaussians and the use of ∆ and ∆∆ (GDC – development set) 

From Figure 5-11 and Figure 5-12, it is clear that different numbers of MFCCs are 
needed to precisely characterise speakers depending on their gender. Specifically, in the 
case of female speakers, no matter which configuration we are applying, better results 
are obtained when 16 MFCCs are used or 14 in the case of using MFCCs+∆+∆∆. 
However, in the case of male speakers the number of MFCCs needs to be higher if we 
want to precisely model speakers. Particularly, 25 in the case of MFCCs+∆, and 23 in 
the case of MFCCs+∆+∆∆. 
Regarding the number of filters used in the filter bank to extract MFCCs (see Figure 
5-13 and Figure 5-14), differences arise again between genders, while remains more or 
less stable regardless of the configuration, i.e. MFCCs, MFCCs+∆ and MFCCs+∆+∆∆. 
Specifically, for male speakers, the number of filters providing better results in terms of 
EERM is 34 while in the case of female speakers this same number tends to be higher, 
particularly, 50.  
The only parameter in which no differences occur (see Figure 5-15) is the number of 
Gaussians used to build the UBM and the speaker models. In all the cases the better 
results are obtained when 512 Gaussians are used. 

Therefore, we can conclude that in the set of tests carried out in this scenario, using the 
development set, a gender-dependent parameterisation presents a clear advantage over 
the gender-independent parameterisation, in terms of HEER, even in the case of using 
just classical parameters. Table 5-2 provides a comparison between the recognition rates 
obtained by the system, when a GDC or a GIC is used (the best results obtained so far 
are highlighted in light green). Additional columns have been added (EERX RR), which 
provide the relative reduction obtained by GDC, in terms of EERX, respect to the 
corresponding GIC. The relative reduction in terms of HERR respect to GIC has been 
indicated in brackets in the HEER column. 
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Parameters Gen. F G α EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

16MFCC 
(GIC MFCC) M/F 38 512 5 3.602% 

[0.254] - 6.913% 
[0.179] - 5.258% 

18 MFCC 
(GDC MFCC) M 28 512 5 2.208% 

[0.293] 38.69% 6.913% 
[0.179] 0.00% 4.561% 

[13.25%] 16 MFCC 
(GDC MFCC) F 38 512 5 

          
23MFCC+∆ 

(GIC MFCC+∆) 
M/F 24 256 5 0.604% 

[0.324] - 1.217% 
[0.355] - 0.911% 

25MFCC+∆ 
(GDC MFCC+∆) 

M 34 512 5 
0.498% 
[0.370] 17.57% 1.102% 

[0.383] 9.45% 0.800% 
[12.14%] 16 MFCC+∆ 

(GDC MFCC+∆) 
F 50 512 5 

          
18MFCC+∆+∆∆ 

(GIC 
MFCC+∆+∆∆) 

M/F 30 256 5 0.798% 
[0.346] - 0.916% 

[0.415] - 0.857% 

23 MFCC+∆+∆∆ 
(GDC 

MFCC+∆+∆∆) 
M 34 512 5 

0.400% 
[0.437] 49.86% 0.803% 

[0.432] 12.32% 0.602% 
[29.80%] 14 MFCC+∆+∆∆ 

(GDC 
MFCC+∆+∆∆) 

F 50 512 5 

Table 5-2 GDC vs. GIC for HESPERIA’s development set on scenario 1 
From the results shown in Table 5-2, we can draw additional conclusions. First of all, 
the use of ∆∆ coefficients is clearly justified in this case, as the best recognition rates 
are obtained with that configuration. However, it must be noted that a GDC using 
MFCCs+∆ coefficients provides better results in terms of HEER than a GIC using 
MFCCs+∆+∆∆ coefficients. Thus the use of ∆∆ coefficients would be justified in the 
case of applying a GDC. Secondly, the use of a GDC systematically increases the 
recognition rates with respect to a GIC. In the case of using just MFCCs, a relative 
reduction of 13% in terms of HEER, is obtained thanks to the relative reduction of 39% 
in terms of EERM. When ∆ coefficients are incorporated into the feature vectors, a 
relative reduction of 17% is obtained in terms of HEER. This case constitutes a clear 
example that when using GIC a compromise must be reached between minimizing 
EERF and EERM, since the GIC configuration is not the optimal in terms of EER for any 
of the genders. GDC combined with the use of MFCCs+∆+∆∆ provides a relative 
reduction in terms of HEER closed to 30% thanks to the relative reduction of 50% in 
terms of EERM. Finally, the recognition rates obtained in terms of EERM and EERF, are 
good enough to ensure that the representation of data under analysis is completely 
covered with the type of parameters (classical parameters) tested so far. Thus improving 
recognition rates by introducing new parameters can be difficult to achieve.  

Figure 5-16 and Figure 5-17 show the DET curves for male and female speakers, for 
both configurations (GIC and GDC), and the different set of classical parameters used 
so far. It must be noted that it is possible for GIC and GDC to be the same, thus in the 
DET plots only one curve is going to be reflected (female MFCC case). Additionally, 
we must emphasise that the goal is the reduction of EER and not the Area Under the 
Curve (AUC – see Section 1.4), thus it can happen that GIC can show better results than 
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GDC for some of points of the curve. However, GDC will always produce better or at 
least equal results than GIC in terms of EER. 

 

Figure 5-16 DET curve for classic parameters on HESPERIA’s male development set 
for GIC and GDC 

 

Figure 5-17 DET curve for classic parameters on HESPERIA’s female development set 
for GIC and GDC 
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In section 5.1.1, we introduced some extra parameters that can be used in conjunction 
with classical parameters to provide a better characterisation of speakers. We have 
tested the effect of these parameters by adding them to the GIC and GDC listed in Table 
5-2, either alone or combined. Although all the combinations of E, ∆E, F0 and F3 have 
been tested on the development set, Table 5-3 includes the more successful sets of 
configurations, in terms of HEER. Although not reflected in Table 5-3, it must be noted 
that not all the tested combinations of what we have called extra parameters, provide a 
reduction of HEER, EERM or EERF, if compared with the cases reflected in Table 5-2. 
For instance, in the case of female speakers when only MFCCs are used, no 
combination of extra parameters provides an improvement in terms of EERF. Moreover, 
depending on the set of classical parameters used (i.e. MFCCs, MFCCs+∆, 
MFCCs+∆+∆∆), and on the gender of the speakers, the combination of extra parameters 
providing an improvement may be different. 

Leaving aside the MFCC configuration, it is clear from the results shown in Table 5-3, 
that the inclusion of the proposed extra parameters provides an extra benefit, helping to 
improve recognition rates, especially in a gender-dependent configuration. Better results 
in terms of EERM, EERF, and HEER are obtained in all the cases using a GDC no matter 
whether MFCCs, MFCCs+∆, or MFCCs+∆+∆∆ parameters are used. It is worth noting 
that E and ∆E parameters, which are part of the state-of-the-art in speech recognition (as 
well as in speaker recognition), also provide an advantage in this case as recordings 
used in this scenario are captured in controlled conditions under high quality standards. 
In following sections we will check their behaviour in noisy and low quality scenarios. 
In the set of configurations presented in Table 5-3, we can also confirm that the new 
parameter F3 proposed in this thesis (third formant estimate), also helps to improve 
recognition rates both on male and female speakers.  

Parameters Gen. Extra 
Parameters 

EERM 
[θM] 

EERM 
RR 

EERF 
[θF] 

EERF 
RR HEER HEER 

RR 
GIC 

 MFCC M/F - 3.602% 
[0.254] - 6.913% 

[0.179] - 5.258% - 

GIC  
MFCC M/F No 

improvement - - - - - - 

GDC  
MFCC 

M - 2.208% 
[0.293] 38.69% 6.913% 

[0.179] 0.00% 4.561% 13.25% F - 
GDC  

MFCC 
M E+∆E 2.104% 

[0.302] 41.58% - - - - F No improve. 
         

GIC  
MFCC+∆ M/F - 0.604% 

[0.324] - 1.217% 
[0.355] - 0.911% - 

GIC  
MFCC+∆ M/F ∆E+F3 0.600% 

[0.308] 0.69% 1.205% 
[0.365] 1.03% 0.902% 0.91% 

GDC  
MFCC+∆ 

M - 0.498% 
[0.370] 17.57% 1.102% 

[0.383] 9.45% 0.800% 12.14% F - 
GDC  

MFCC+∆ 
M E+∆E+F3 0.400% 

[0.395] 33.79% 1.098% 
[0.418] 9.79% 0.748% 17.75% F E+∆E+F3 

         

GIC MFCC+∆+∆∆ M/F - 0.798% 
[0.346] - 0.916% 

[0.415] - 0.857% - 

GIC MFCC+∆+∆∆ M/F E+∆E+F0+F3 0.400% 
[0.401] 49.86% 1.006% 

[0.406] -9.81% 0.703% 17.96% 

GDC MFCC+∆+∆∆ M - 0.400% 
[0.437] 49.86% 0.803% 

[0.432] 12.32% 0.602% 29.80% F - 

GDC MFCC+∆+∆∆ M E+∆E+F0+F3 0.313% 
[0.440] 60.83% 0.577% 

[0.438] 36.98% 0.445% 48.08% F E+F3 
Table 5-3 EERM, EERF, and HEER obtained on the development set when extra 
parameters are included on the feature vectors for GIC and GDC 
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Finally, we must highlight three important facts about the use of MFCCs+∆+∆∆. First 
of all, that according to the results presented in Table 5-3, its use would be justified in a 
gender-dependent configuration. As, for instance, GIC MFCCs+∆ provide lower EERM 
than GIC MFCCs+∆+∆∆. Moreover, a gender-dependent configuration using 
MFCCs+∆, augmented with specific extra parameters clearly provides better 
recognition rates in terms of HEER, than GIC MFCCs+∆+∆∆, and almost the same as 
GIC MFCCs+∆+∆∆ augmented with extra parameters. Secondly, although not reflected 
in Table 5-3, we also have tested a configuration that could be considered as the state-
of-the-art standard and thus the baseline to beat, namely GIC MFCCs+∆+∆∆+E+∆E. 
Under this configuration the results obtained are shown in Table 5-4; which are clearly 
worse than the ones provided by the MFCCs+∆+∆∆ configuration without extra 
parameters. Finally, it must be noted that we are working on a text-constrained scenario, 
thus the message conveyed by the recordings will present limited variability. In this 
sense, the use of parameters that are related with the message transmitted can be useful, 
as demonstrated by the results presented. 

Parameters Gen. Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR HEER HEER 

RR 
GIC 

MFCC+∆+∆∆ 
M/F - 0.798% 

[0.346] - 0.916% 
[0.415] - 0.857% - 

GIC 
MFCC+∆+∆∆ 

M/F E+∆E+F0+F3 0.400% 
[0.401] 49.86% 1.006% 

[0.406] -9.81% 0.703% 17.96% 

GIC 
MFCC+∆+∆∆ 

M/F E+∆E 0.900% 
[0.384] -125% 1.010% 

[0.495] -0.42% 0.955% -11.45% 

Table 5-4 EERM, EERF, and HEER obtained on the development set comparing 
different GIC MFCC+∆+∆∆ configurations 
Figure 5-18 and Figure 5-19 respectively provide the DET curves for male and female 
speakers, comparing the most relevant configurations for the present study, i.e., GIC 
MFCCs+∆, GIC MFCCs+∆+ExtParam., GDC MFCCs+∆+ExtParam., GIC 
MFCCs+∆+∆∆, GIC MFCCs+∆+∆∆+ExtParam., GDC MFCCs+∆+∆∆+ExtParam.. In 
other words, we compare gender-dependent with gender-independent configurations, 
while we check as well the influence of ∆∆ coefficients and the extra proposed 
parameters.  
Next, we present the results obtained on the development set when using the GDEB 
front-end and thus not only operating on a gender-dependent configuration but also 
including information extracted from the vocal tract and glottal source estimates 
conveniently parameterised. The approach that has been followed consists in 
incorporating the extended biometric coefficients into the best gender-dependent 
configuration obtained so far without ∆∆ parameters, in two stages. First we incorporate 
a set of parameters extracted from the glottal source estimate (labelled as GSE), and 
once a specific configuration improving previous results is found, we continue by 
incorporating parameters extracted from the vocal tract estimate (labelled as VTE). We 
proceed this way because the vocal tract estimate is expected to be more related with the 
message carried out by voice, rather than to specific biometrical characteristics of 
speakers. Therefore, although we are dealing with text-constrained trials (so message 
variability is limited), GSE is supposed to provide more benefits than VTE in terms of 
recognition rates. Additionally, we rule out the use of ∆∆ in this section, as we believe 
that the proposed GDEB parameterisation may represent the speaker more accurately 
than the one including ∆∆ coefficients, which are supposed to be more related to the 
message transmitted. 
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Figure 5-18 DET curves comparing different set of parameters under GIC and GDC 
without extended biometrics on male’s development set 

  
Figure 5-19 DET curves comparing different set of parameters under GIC and GDC 
without extended biometrics on female’s development set  
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Parameters Gen. GSE+VTE 
set up 

Extra  
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC  
MFCC+∆ M/F - - 0.604% 

[0.324]  1.217% 
[0.355] - 0.911% 

[-] 
GDC  

MFCC+∆ 
M - E+∆E+F3 0.400%  

[0.395] 33.79% 1.098%  
[0.418] 9.79% 0.748% 

[17.75%] F - E+∆E+F3 

GDC MFCC+∆+∆∆ M - E+∆E+F0+F3 0.313%  
[0.440] 48.27% 0.577%  

[0.438] 52.57% 0.445% 
[51.15%] F - E+F3 

GSE 

M 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor: 0.995  
GSE: 

11-Channel Filter bank 
 6 MFCC 

E+∆E+F3 

0.213%  
[0.454] 64.82% 0.809%  

[0.477] 33.50% 0.511%  
[43.89%] 

F 

Source-Tract Sep. Alg: 
Prediction Order: 20 

Forgetting Factor: 0.995 
GSE: 

17-Channel Filter bank 
6 MFCC 

E+∆E+F3 

Table 5-5 EERM, EERF, and HEER obtained on development set (no score normalisation), comparing classical parameters with extra parameters 
and extended biometric parameters. (PO: Prediction Order; FF: Forgetting Factor; FB: Filter bank). 
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Although multiple configurations have been tested, regarding the multiple variables that 
can be tune in the GDEB front-end, Table 5-5 shows the ultimate configurations chosen 
for each gender, as well as the recognition rates obtained in each case in terms of EERM, 
EERF and HEER. Additionally, the relative reduction (RR) in terms of EERX and HEER, 
compared to GIC MFCCs+∆ configuration is also provided. 
DET curves corresponding to the results presented in Table 5-5 are depicted in Figure 
5-20 for male speakers and Figure 5-21 for female speakers. Clearly, the 
parameterisation generated by the GDEB front-end, in this case just including 
information from the glottal source estimate in the form of mel-frequency cepstrum 
coefficients, is the one providing best results on the development set for male speakers. 
In the case of female speakers, the parameterisation generated by the GDEB front-end 
increases recognition rates respect to GIC and GDC when MFCCs+∆+ExtParam. is 
used, but it is not able to improve recognition rates obtained by GDC 
MFCCs+∆+∆∆+ExtParam.. 

 
Figure 5-20 DET curves comparing classical parameters and GDEB on HESPERIA’s 
development set for male speakers 
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Figure 5-21 DET curves comparing classical parameters and GDEB on HESPERIA’s 
development set for female speakers 

Before incorporating additional parameters from the vocal tract estimate into feature 
vectors, it seems necessary to make some observations on the use of the parameters 
extracted from the glottal source estimate. So far we have selected specific 
configurations producing the better performance in terms of EERX (i.e. no matter 
whether male or female case) and HEER. This means that in theory no better results on 
the development set can be obtained using the Baseline or the GDEB front-ends; 
additionally one might think that the improvements derived from incorporating 
information from the glottal source estimate will be highly dependent on the specific 
configuration chosen. However, nothing could be further away from truth, as the 
improvement in recognition rates appears systematically when incorporating GSE 
parameters under different configurations. Figure 5-22 provides a comparison of the 
EERM obtained under different GSE parameterisations for male speakers, while Figure 
5-23 provides the same information but for female speakers. The green solid line 
represents the minimum EERX (y-axis) obtained when GSE is incorporated into the 
feature vector in form of MFCC. Different numbers of MFCCG={2,4,6,8,10} have been 
tested, which have been computed applying a filter bank with different number of filters 
FG=[4...38] (x-axis). Each point in the x-axis represents the minimum EER obtained for 
a specific value of FG, regardless MFCCG value. 
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Figure 5-22 Influence of GSE configuration on the EERM (development set) 

 
Figure 5-23 Influence of GSE configuration on the EERF (development set) 
As stated before, in the case of female speakers, the recognition rates obtained by the 
GDC MFCCs+∆+∆∆+ExtParam. are not improved by any configuration provided by 
the GDEB front-end. However, as depicted in Figure 5-23, the EERF obtained when 
glottal information is incorporated in the feature vector is systematically lower that the 
EERF obtained when no GSE information is present in the GDC MFCCs+∆. 
Another factor that must be analysed is the influence of score normalisation algorithms 
in recognition rates. For this reason, the same experiments that have been reported so far 
(when no score normalisation is applied), have been conducted but applying ZNorm, 
TNorm and ZTNorm. Table 5-6 to Table 5-8 provide results equivalent to those that 
have been reported in Table 5-5 (when no score normalisation is applied), but for the 
previously cited score normalisations. 
It must be noted that Table 5-6 to Table 5-8 includes an additional column providing the 
set up for classical parameters, i.e. MFCCs+∆, MFCCs+∆+∆∆, regarding the number of 
filters in filter bank and the number of MFCCs. This is interesting in order to show that 
the use of different types of score normalisation influences the values that should be 
assigned to the configurable parameters of the Baseline front-end in the search for the 
minimum EER. In other words, we cannot expect the most successful set of selected 
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parameters when no score normalisation is applied, to also provide the best results 
under different score normalisations. 
From the results shown on Table 5-6, Table 5-7, and Table 5-8, it is clear that no matter 
the score normalisation applied, the most successful results, in terms of EERM  (except 
for ZNorm, which equals GDC MFCCs+∆ EERM), and HEER are always obtained when 
GSE is included as MFCCs in the feature vector. In the case of female speakers, the 
above conclusion is valid except for the specific case in which TNorm is applied. 
However, the difference in terms of EERF between the best result (GDC MFCC+∆+∆∆ 
→ EERF=0.803%) and the one obtained by GSE (EERF = 0.805%) are negligible. 
Anyway, regarding the results obtained in the set of tests carried out, we can conclude 
that a gender-dependent characterisation of speakers provides better results in terms of 
recognition rates than a gender-independent characterisation. Moreover, the proposed 
parameter, F3, is most of the times a component of the configurations providing most 
favourable results, thus proving its value.  
Regarding the use of score normalisations, it must be noted that its use does not always 
provide an improvement in terms of EERX. In this scenario, the best results are obtained 
when ZTNorm is applied in the case of female speakers, while in the case of male 
speakers applying ZNorm provides the best result in terms of EERM. 
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Parameters Gen. Classic Parameters  
set up 

GSE+VTE 
set up 

Extra  
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC  
MFCC+∆ M/F F=38, MFCC=14, 

G=512, α=10 - - 0.800%  
[3.953] - 1.305%  

[3.694] - 1.053%      
 [-] 

GDC  
MFCC+∆ 

M F=38, MFCC=25, 
G=512, α=16 - E+F3 0.200%  

[4.708] 75.00% 1.222%  
[3.800] 6.41% 0.711% 

[32.45%] F F=38, MFCC=14, 
G=512, α=8 - E 

GDC  
MFCC+∆+∆∆ 

M F=44, MFCC=22, 
G=512, α=16 - E+F3 0.300%  

[4.523] 62.50% 0.927%  
[3.347] 29.00% 0.613% 

[41.73%] F F=50, MFCC=14, 
G=512, α=10 - E+∆E+F3 

GSE 

M F=38, MFCC=25, 
G=512, α=10 

Source-Tract Sep. Alg: 
Prediction Order: 32 

Forgetting Factor: 0.995  
GSE: 

13-Channel Filter bank 
4 MFCC 

E+F3 

0.200%  
[4.148] 75.00% 0.904% 

[3.924%] 30.76% 0.552% 
[47.57%] 

F F=38, MFCC=14, 
G=512, α=8 

Source-Tract Sep. Alg: 
Prediction Order: 23  

Forgetting Factor:  0.995  
GSE: 

37-Channel Filter bank 
8 MFCC 

E 

Table 5-6 EERM, EERF, and HEER obtained for the development set (ZNorm), comparing classical parameters with extra parameters and 
extended biometric parameters  
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Parameters Gen. Classic 
Parameters set up 

GSE+VTE 
set up 

Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC 
MFCC+∆ M/F F=50, MFCC=14, 

G=512, α =5 - - 0.900% 
[3.560] - 0.918% 

[3.572] - 0.909% 
[-] 

GDC 
MFCC+∆ 

M F=44, MFCC=19, 
G=512, α=5 - F0+F3 0.500% 

[3.898] 44.44% 0.828% 
[3.607] 9.79% 0.664% 

[26.94%] F F=38, MFCC=14, 
G=512, α=5 - F0+F3 

GDC 
MFCC+∆+∆∆ 

M F=38, MFCC=16, 
G=512, α=5 - - 0.600% 

[4.201] 33.33% 0.803% 
[3.581] 12.52% 0.702% 

[22.82%] F F=40, MFCC=14, 
G=256, α=5 - F0+F3 

GSE 

M F=44, MFCC=19, 
G=512, α=5 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor: 0.995 
GSE: 

23-Channel Filter bank  
4 MFCC 

F0+F3 

0.400% 
[4.032] 55.55% 0.805% 

[3.715%] 12.30% 0.603% 
[33.71%] 

F F=38, MFCC=14, 
G=512, α=5 

Source-Tract Sep. Alg: 
Prediction Order: 23 

Forgetting Factor: 0.995 
GSE: 

18-Channel Filter bank 
8 MFCC 

F0+F3 

Table 5-7 EERM, EERF, and HEER obtained for the development set (TNorm), comparing classical parameters with extra parameters and 
extended biometric parameters  
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Parameters Gen. Classic Parameters  
set up 

GSE+VTE 
set up 

Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC 
MFCC+∆ M/F F=38, MFCC=14, 

G=512, α=10 - - 0.879% 
[3.151] - 0.910% 

[3.135] - 0.895% 
[-] 

GDC 
MFCC+∆ 

M F=38, MFCC=25, 
G=256, α=5 - - 0.300% 

[3.472] 65.87% 0.899% 
[2.880] 1.149% 0.600% 

[32.95%] F F=38, MFCC=14, 
G=512, α=5 -  

GDC 
MFCC+∆+∆∆ 

M F=24, MFCC=23, 
G=256, α=5 - - 0.400% 

[3.472] 54.50% 0.778% 
[2.582] 14.48% 0.589% 

[34.14%] F F=50, MFCC=14, 
G=256, α=5 - E+F3 

GSE 

M F=38, MFCC=25, 
G=256, α=5 

Source-Tract Sep. Alg: 
Prediction Order: 10  

Forgetting Factor:0.995 
GSE: 

9-Channel Filter bank 
2 MFCC 

 

0.223% 
[3.726] 74.65% 0.630% 

[3.038] 30.80% 0.426% 
[52.34%] 

F F=38, MFCC=14, 
G=512, α=5 

Source-Tract Sep. Alg: 
Prediction Order: 20 

Forgetting Factor:0.995  
GSE: 

21-Channel Filter bank 
4 MFCC 

 

Table 5-8 EERM, EERF, and HEER obtained for the development set (ZTNorm), comparing classical parameters with extra parameters and 
extended biometric parameters 
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In order to complete previous results, Figure 5-24 and Figure 5-25 provide DET curves 
for male and female speakers, respectively, so the performance of the Baseline front end 
(using GIC MFFC+∆) can be compared with the GDEB front-end when different score 
normalisation techniques are applied. 

 
Figure 5-24 DET curves for Baseline and GDEB front-end, applying different score 
normalisation techniques (male’s development set) 

 267 



APPLICATION TO SPEAKER RECOGNITION 

 
Figure 5-25 DET curves for Baseline and GDEB front-end, applying different score 
normalisation techniques (female’s development set) 
There are still two additional tasks to be performed, in order to finish the study on this 
scenario. First of all, we have to verify the usefulness of the information provided by the 
vocal tract estimate (labelled as VTE), not being included yet in the experiments carried 
out so far. As we are working on a text-constrained scenario, with limited variability in 
message, there are chances on that VTE may be useful in providing an accurate 
description of speakers. To limit the experiments, we only run an additional test based 
on the configuration providing better results in terms of EERX, i.e. GDC GSE ZTNorm 
for female speakers and GDC GSE ZNorm for male speakers.  
In the case of the tests run on male speakers, the use of GSE information combined with 
VTE information systematically produces recognition rates that outperform the 
recognition rates obtained by the GIC MFCCs+∆ and GDC MFCCs+∆+∆∆+ExtParam. 
configurations. However, it is difficult to find a configuration that outperforms the 
recognition rates obtained when using GDC MFCCs+∆+ExtParam.. It must be noted 
that even in the case of incorporating GSE information into the feature vector we have 
only succeeded in matching the same EERM. This situation is repeated for the case of 
introducing VTE information, i.e. the lower EERM obtained equals the one obtained by 
GDC MFCCs+∆+ExtParam.. Therefore in this scenario VTE seems not to provide 
additional information. The above discussion is also valid for female speakers. 
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Once we have found the configurations allowing us to obtain the most successful results 
in terms of EERX, on the development set, using both the Baseline and the GDEB front-
ends, the final step consists in verifying if the behaviour of the speaker recognition 
system with the selected configurations holds for the evaluation set, i.e. for unknown 
data, or if the results are affected by overtraining on the development set. Table 5-9 
provides the results obtained on the evaluation set applying the different configurations 
previously selected (see Table 5-5 to Table 5-8) for different score normalisations. Most 
successful results for the different score normalisation techniques applied are 
highlighted in green. 
Score 
Norm Parameters EERM 

[θM] HTERM HTERM 
RR 

EERF 

[θF] 
HTERF HTERF 

RR 
No 
Norm 

GIC 
MFCC+∆ 

0.604% 
[0.324] 0.963% - 1.217% 

[0.355] 5.370% - 

 GDC 
MFCC+∆+ExtParm. 

0.400%  
[0.395] 1.169% -21.35% 1.098% 

[0.418] 3.226% 39.92% 

 
GDC 

MFCC+∆+∆∆+ 
ExtParm. 

0.313%  
[0.440] 0.696% 27.69% 0.577% 

[0.438] 6.755% -25.81% 

 GSE 0.213%  
[0.454] 0.651% 32.37% 0.809% 

[0.477] 3.326% 38.05% 

ZNorm        

 GIC 
MFCC+∆ 

0.800%  
[3.953] 1.938% - 1.305% 

[3.694] 4.854% - 

 GDC 
MFCC+∆+ ExtParm. 

0.200%  
[4.708] 1.870% 3.48% 1.222% 

[3.800] 5.536% -14.06% 

 
GDC 

MFCC+∆+∆∆+ 
ExtParm. 

0.300%  
[4.523] 1.204% 37.85% 0.927% 

[3.347] 5.537% -14.07% 

 GSE 0.200%  
[4.148] 0.687% 64.53% 0.904% 

[3.924%] 4.824% 0.61% 

TNorm        

 GIC 
MFCC+∆ 

0.900%  
[3.560] 0.741% - 0.918% 

[3.572] 4.048% - 

 GDC 
MFCC+∆+ ExtParm. 

0.500%  
[3.898] 0.401% 45.90% 0.828% 

[3.607] 4.437% -9.61% 

 
GDC 

MFCC+∆+∆∆+ 
ExtParm. 

0.600%  
[4.201] 0.500% 32.52% 0.803% 

[3.581] 4.779% -18.07% 

 GSE 0.400%  
[4.032] 0.339% 54.26% 0.805% 

[3.715%] 2.577% 36.34% 

ZTNorm        

 GIC 
MFCC+∆ 

0.879%  
[3.151] 0.941% - 0.910% 

[3.135] 3.958% - 

 GDC 
MFCC+∆+ ExtParm. 

0.300%  
[3.472] 1.252% -33.04% 0.899% 

[2.880] 3.496% 11.66% 

 
GDC 

MFCC+∆+∆∆+ 
ExtParm. 

0.400%  
[3.472] 0.683% 27.42% 0.778% 

[2.582] 4.107% -3.78% 

 GSE 0.223%  
[3.726] 0.708% 24.72% 0.630% 

[3.038%] 2.593% 34.47% 

Table 5-9 HTERX obtained for selected configurations on the evaluation set, applying 
different score normalisations 
The results obtained in terms of HTERX, allow us to draw two important conclusions. 
First of all, we can assert that the use of GSE conveniently parameterised provides an 
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improvement in recognition rates, which remains consistent over the development set 
and the evaluation set. Specifically, for the male case when applying ZNorm we 
obtained a relative reduction of 75% in terms of EERM (from EERM =0.800%, when 
classical gender-independent characterisation is used to EERM =0,200%), which is 
transformed into a relative reduction of 64% in terms of HTERM, when moving into the 
evaluation set (from HTERM =1.938%, when classical gender-independent 
characterisation is used to HTERM =0,687%). For female speakers, when ZTNorm is 
applied a relative reduction of 30% in terms of EERF (from EERF =0.910%, when 
classical gender-independent characterisation is used to EERF =0,630%), which is 
transformed into a relative reduction of 34% in terms of HTERF, when moving into the 
evaluation set (from HTERF =3.958%, when classical gender-independent 
characterisation is used to HTERM =2.593%) 
However, there are some interesting results that deserve additional consideration. In the 
case of not applying any score normalisation, for female speakers, the better results on 
development set where obtained when using ∆∆ coefficients with a relative reduction in 
terms of EERF of more than 50%. However, given the results provided by this 
configuration in the evaluation set, it is clear that it suffers for overtraining on the 
development set as the results are far worse that the other results presented. This 
situation appears again when TNorm is applied, even though not as exaggerated. 
Additionally there are two situations in which the GSE configuration does not provide 
the most successful results on the evaluation set, namely female No Norm and male 
ZTNorm, even though they are better than the GIC configuration. However, in these 
two cases, if we consider the results globally, i.e. taking into account  development 
and evaluation sets, the use of GSE information clearly offers better results.  

Finally, Figure 5-26 to Figure 5-33, provide the DET curves that represent the results 
obtained in the evaluation set for male and female speakers, which are reflected in Table 
5-9. 
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Figure 5-26 Male’s DET curves on the evaluation set from HESPERIA, without 
applying any score normalisation technique 

 

Figure 5-27 Male’s DET curves on the evaluation set from HESPERIA, applying 
ZNorm 
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Figure 5-28 Male’s DET curves on the evaluation set from HESPERIA, applying 
TNorm 

 

Figure 5-29 Male’s DET curves on the evaluation set from HESPERIA, applying 
ZTNorm 
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Figure 5-30 Female’s DET curves on the evaluation set from HESPERIA, without 
applying any score normalisation technique 

 

Figure 5-31 Female’s DET curves on the evaluation set from HESPERIA, applying 
ZNorm 
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Figure 5-32 Female’s DET curves on the evaluation set from HESPERIA, applying 
TNorm 

 

Figure 5-33 Female’s DET curves on the evaluation set from HESPERIA, applying 
ZTNorm 
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It must be noted that depending on the score normalisation applied there are some cases 
in which the DET curve associated with the GSE configuration is not always providing 
a better performance at all points of the curve. Regarding this fact is worth to note the 
following: When testing the system in the evaluation set, we have already defined an 
operation point based on results from the development set. Therefore we are not 
evaluating the performance of our systems at all points but at the specific one given by 
θdev. Furthermore, as stated above, our study is not focused on minimizing AUC but 
EER and thus HTER. Anyway, it would be desirable that the DET curve provided by the 
gender-dependent configuration incorporating GSE information should produce better 
values than the rest of the configurations at all points of the curve.  

5.2.1.1.1 Brief Conclussions 

First of all, we must point out, that due to the constrains established for this scenario 
(high-quality recordings in a text-constrained set-up, with channel variability limited to 
differences in microphones), we are able to achieve recognition rates, in terms of EERM 
and EERF, good enough (EERX < 1%) to ensure that the representation of data under 
analysis is completely covered with classical parameters in a gender independent 
configuration. Therefore, improving recognition rates by introducing new parameters or 
applying scores normalization techniques are difficult to achieve. However, even in this 
favourable scenario for speaker recognition, the use of a gender-dependent biometric 
extended parameterisation in which GSE information has been incorporated provides a 
clear improvement in terms of recognition rates respect to the use of a gender-
independent approach based on classical parameters.  
A key aspect in the set of tests that have been carried out is the gender-dependent 
characterization. Based on the results it has been found that the optimal number of 
coefficients as well as the filter bank used to compute the coefficients is going to be 
different depending on the gender of the speaker.  

Regarding the use of ∆∆ coefficients, it is worth noting that a GDC using MFCCs+∆ 
allows us to obtain better results in terms of EER than a GIC using MFCCs+∆+∆∆ 
coefficients. However, some improvements have been reported when MFCCs+∆+∆∆ 
are applied to a gender-dependent approach on the development set. On the other hand, 
we have also seen that the improvements obtained with the use of these parameters (∆∆) 
do not remain consistent over the development set and the evaluation set. This means 
that the good results achieved using MFCCs+∆+∆∆ suffer for overtraining on the 
development set. 
Regarding the use of what we have called extra parameters, it must be noted that not all 
the tested combinations of E, ∆E, F0 and F3, provide a reduction of HEER, EERM or 
EERF. Moreover, depending on the set of classical parameters used (i.e. MFCCs, 
MFCCs+∆, MFCCs+∆+∆∆), and on the gender of the speakers, the combination of 
extra parameters providing an improvement may be different. However, it has also been 
confirmed that the new extra parameter proposed, i.e. F3, seems to provide relevant 
information about speakers, thus helping to increase recognition rates. 
The results obtained in terms of EERX and HTERX, allow us to draw two important 
conclusions. First of all, we can assert that the use of GSE conveniently parameterised 
provides an improvement in recognition rates, which remains consistent over the 
development set and the evaluation set. This information extracted in form of MFCC 
from the glottal source estimate is used to enhance the MFCC+∆ configuration, i.e. no 
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∆∆ are used. Secondly, that in this scenario VTE seems not to provide additional 
information, besides the already included in the other parameters used.  

Finally, the use of score normalization techniques is clearly influenced by the amount of 
information available for normalization purposes. In this particular scenario the score 
normalization technique providing best results is also gender-dependent. In this regard, 
it is worth noting that the selected optimal configuration (in terms of number of MFCCs 
and channels in the filter bank) is not going to remain the same for all the score 
normalization techniques. 

5.2.1.2 Scenario 2 (mic-tel) 

The procedure that we will follow for this scenario matches the one followed for 
Scenario 1. However, it must be noted that in this case, we are evaluating the 
performance of the system under an extreme channel variability condition, in which the 
training phase is carried out using high-quality microphone recordings and test phase is 
conducted on telephone recordings.  
We begin by presenting the results obtained on the development set. Working on the 
development set allows us to tune the recognition system’s background parameters and 
meta-parameters. As we are facing different conditions than the ones presented in 
Scenario 1, the configuration parameters are likely to be different respect to the settings 
in Scenario 1. Starting again with the Baseline front-end in a gender-independent 
configuration, we are going to verify the usefulness of classical parameters (i.e. 
MFCCs, MFCCs+∆, MFCCs+∆+∆∆), the effect of the number of MFCC coefficients 
and the number of filters on the filter bank used to compute the MFCC. The same 
method can be applied when using the GDEB front-end, even in the case of not adding 
extra, GSE or VTE parameters, just applying a gender-dependent configuration on 
classical parameters. Next, we will test the effect of adding what we have called extra 
parameters, i.e. Energy, ∆Energy, Pitch (F0) and the third formant estimate (F3), both 
on the gender-dependent and gender-independent configurations. Last but not least, we 
will verify the viability of using the extended-biometric parameters extracted by the 
GDEB front-end for speaker recognition purposes in this scenario of channel variability. 
Again, we have excluded a detailed analysis of the number of Gaussians used by the 
systems, as this number mainly depends on the number of classes to be modelled, which 
in turn depends on the number and type of parameters used. In the first approach to 
solve the problem, no score normalisation techniques have been applied, although the 
influence of these algorithms on the system’s performance will be analysed. 

Once the configuration settings are fixed for both front-ends (i.e. Baseline and GDEB 
front-ends), and a score threshold is established on the development set, the actual 
performance of the system will be analysed on the evaluation set. 
The first set of figures represents the results obtained in terms of HEER, based on each 
of the configuration parameters established in Eq. (5-7), assuming that we are using the 
Baseline front-end, thus a gender-independent configuration (labelled as GIC), and no 
score normalisation is applied. 
Like in the analysis of the previous scenario, the process followed consists in fixing a 
value for a specific parameter, run the tests for all the combinations of the remaining 
configurable parameters, and select the configuration providing better results in terms of 
HEER. In Figure 5-34, we highlight the influence of the number of MFCCs, as well as 
the influence of the use of ∆ and ∆∆ coefficients on the recognition rates. The best 
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results for each configuration, i.e. MFCCs, MFCCs+∆ and MFCCs+∆+∆∆, are marked 
in bold. The first conclusion that we can draw out from the figure is that the use of 
MFCCs alone (i.e. without ∆ or ∆∆) is not accurate enough to model speakers, as 
recognition rates are clearly worse than the ones obtained when complementing the 
feature vectors with ∆ and ∆∆ coefficients. This result is consistent with the one 
obtained in the scenario 1, previously analysed. Although the most successful result is 
obtained for the configuration that includes ∆∆ coefficients combined with ∆ 
coefficients, with HEER<10%, this seems to be an exception, as for the case of using 
just MFCC+∆, the HEER takes values below 10% for multiple configurations, 
particularly when the number of MFCCs is 21 or higher than 24. 

 
 12 14 16 18 19 20 21 22 23 24 25 26 

MFCC 25,82% 26,26% 21,76% 24,04% 22,86% 22,35% 20,41% 20,43% 20,69% 22,02% 21,66% 19,44% 

MFCC+∆ 17,56% 15,54% 11,80% 11,35% 11,56% 10,86% 9,39% 10,31% 10,34% 9,89% 9,62% 9,39% 

MFCC+∆+∆∆ 16,86% 14,32% 12,12% 11,21% 10,75% 10,40% 11,06% 10,43% 10,52% 10,53% 9,32% 10,43% 
 

Figure 5-34 HEER obtained depending on the number of MFCCs and the use of ∆ and 
∆∆ (GIC – development set) 

 

 24 28 30 34 38 40 44 48 50 
MFCC 22,92% 22,41% 22,93% 21,83% 21,71% 20,41% 19,44% 19,66% 20,52% 

MFCC+∆ 12,42% 10,48% 9,39% 10,10% 9,39% 9,41% 9,53% 9,81% 9,62% 
MFCC+∆+∆∆ 12,83% 11,22% 11,41% 10,94% 10,40% 10,52% 9,32% 10,15% 9,74% 

 

Figure 5-35 HEER obtained depending on the number of filters and the use of ∆ and ∆∆ 
(GIC – development set) 
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Regarding the number of filters, we proceed like in previous analyses. In other words, 
we fixed a value for F, and we test all the combinations for the remaining parameters, 
selecting the configuration providing lower error rates in terms of HEER, for the 
specific value of F. Figure 5-35 provides the results obtained in terms of HEER, for the 
different values of parameter F, and for the three tested configurations, i.e. MFCCs, 
MFCCs+∆ and MFCCs+∆+∆∆.  
In this case, the best configuration seems to be the one in which the number of filters is 
44, for both MFCCs and MFCCs+∆+∆∆ configurations, although the highest 
competitive result is obtained in the case of using MFCCs+∆ when 30 filters are used. 
Considering the number of Gaussians used to model the speakers in the gender-
independent set-up, we can conclude (see Figure 5-36), that the best results are obtained 
when 256 Gaussians are used in the case of including ∆ or ∆∆ coefficients in the feature 
vector, while in the case of using just MFCCs alone, the best results are obtained when 
512 Gaussians are used. Again, this result is consistent with the corresponding one in 
Scenario 1. 

 

 MFCC MFCC+∆ MFCC+∆+∆∆ 
256G 20,415% 9,391% 9,321% 
512G 19,447% 10,002% 11,152% 

 

Figure 5-36 HEER obtained depending on the number of Gaussians and the use of ∆ 
and ∆∆ (GIC – development set) 
The following table shows the specific configurations providing better recognition rates 
in terms of HEER, for the Baseline front-end (therefore in a gender-independent 
configuration), and for each of the set of feature vector parameters (i.e. MFCCs, 
MFCCs+∆ and MFCCs+∆+∆∆). Moreover, it also provides the EERF and EERM 
obtained in each case as well as the specific score threshold. 
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Parameters F G α EERM 

[θM] 
EERF 

[θF] HEER 

26MFCC 
(GIC MFCC) 44 512 5 22.813% 

[0.170] 
16.081% 
[0.189] 19.447% 

21MFCC+∆ 
(GIC MFCC+∆) 

30 256 5 7.611% 
[0.054] 

11.170% 
[0.018] 9.391% 

25MFCC+∆+∆∆ 
(GIC MFCC+∆+∆∆) 

44 256 5 8.962% 
[-0.126] 

9.680% 
[-0.155] 9.321% 

Table 5-10 Baseline front-end based SR system providing better HEER in a gender-
independent configuration 

So far, we have used the Baseline front-end in a gender-independent configuration, thus 
the objective was to minimise HEER, reaching a compromise between EERF and EERM. 
However, like in Scenario 1, a gender-dependent configuration may provide an 
improvement in terms of HEER, as EERF and EERM are minimised independently, even 
in the case of using just classical features. The same analysis performed in the case of 
the gender-independent configuration has been applied for the gender-dependent 
configuration (labelled as GDC). Figure 5-37 to Figure 5-41 provide the results obtained 
in terms of EERX, where X ={F,M}, when the number of MFCCs, the number of filters 
and the number of Gaussians in the model are respectively analysed.  

 
 12 14 16 18 19 20 21 22 23 24 25 26 

MFCC 19,5% 19,3% 17,5% 20,3% 20,1% 19,5% 21,0% 19,6% 20,1% 22,7% 22,5% 22,1% 

MFCC+∆ 10,80% 10,77% 9,43% 8,25% 7,71% 8,48% 6,64% 8,37% 7,06% 7,22% 7,46% 7,08% 

MFCC+∆+∆∆ 11,68% 10,91% 10,83% 8,95% 9,43% 9,04% 9,48% 8,50% 8,97% 9,42% 8,95% 10,03% 
 

Figure 5-37 EERM obtained depending on the number of MFCCs and the use of ∆ and 
∆∆ (GDC – development set) 
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 12 14 16 18 19 20 21 22 23 24 25 26 
MFCC 32,1% 30,1% 22,6% 23,0% 21,5% 19,8% 17,3% 18,8% 17,8% 18,5% 19,3% 16,0% 

MFCC+∆ 21,9% 18,4% 13,1% 14,0% 13,3% 12,6% 10,9% 11,6% 11,2% 11,2% 10,7% 10,0% 

MFCC+∆+∆∆ 21,3% 17,2% 13,4% 13,2% 12,0% 10,4% 11,6% 10,8% 10,8% 11,3% 9,68% 9,94% 
 

Figure 5-38 EERF obtained depending on the number of MFCCs and the use of ∆ and 
∆∆ (GDC – development set) 

 

 24 28 30 34 38 40 44 48 50 
MFCC 18,95% 22,75% 19,35% 23,44% 19,53% 20,14% 20,84% 17,51% 19,50% 

MFCC+∆ 9,40% 8,07% 7,56% 8,13% 7,49% 6,64% 7,96% 7,08% 7,06% 
MFCC+∆+∆∆ 9,88% 10,41% 10,34% 9,43% 8,95% 9,17% 8,96% 8,50% 9,54% 

 

Figure 5-39 EERM obtained depending on the number of filters and the use of ∆ and ∆∆ 
(GDC – development set) 
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24 28 30 34 38 40 44 48 50 

MFCC 24,14% 20,47% 19,41% 17,67% 18,61% 18,18% 16,08% 16,81% 18,37% 

MFCC+∆ 14,52% 12,45% 11,17% 10,83% 10,91% 10,45% 10,05% 11,27% 11,22% 

MFCC+∆+∆∆ 14,47% 12,04% 12,43% 11,04% 10,43% 9,94% 9,68% 11,24% 9,94% 
 

Figure 5-40 EERF obtained depending on the number of filters and the use of ∆ and ∆∆ (GDC 
– development set) 

 

 G MALE - EERM FEMALE - EERF 

MFCC 256 19,500% 16,817% 
512 17,517% 16,081% 

MFCC+∆ 
256 6,647% 10,057% 
512 7,065% 11,513% 

MFCC+∆+∆∆ 
256 8,501% 9,680% 
512 8,973% 12,132% 

 

Figure 5-41 EERM (blue) and EERF (red) obtained depending on the number of Gaussians and 
the use of ∆ and ∆∆ (GDC – development set) 
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From Figure 5-37 and Figure 5-38, it is clear that different numbers of MFCCs are 
needed to precisely characterise speakers depending on their gender. Specifically, in the 
case of female speakers, no matter which configuration we are applying, better results 
are obtained when 25 or 26 MFCCs are used. However, in the case of male speakers the 
number of MFCCs needs to be lower if we want to precisely model speakers. 
Particularly, 21 in the case of MFCCs+∆, and 22 in the case of MFCCs+∆+∆∆. If we 
compare the results obtained in Scenario 1 with the ones obtained in this scenario, 
differences arise on the configuration selected for this parameter, i.e. the number of 
MFCCs. While for male speakers, we found roughly the same values obtained for 
Scenario 1, for female speakers a radical change occurs, as we move from 16 MFCCs in 
Scenario 1 to 25/26MFCCs in this new context. 
Regarding the number of filters used in the filter bank to estimate the MFCCs (see 
Figure 5-39 and Figure 5-40), differences arise again between different genders, 
although not as significant as in Scenario 1. While for female speakers it remains stable 
regardless the configuration, i.e. MFCCs, MFCCs+∆ and MFCCs+∆+∆∆, the number of 
filters providing better results in terms of EERF is 44; in the case of male speakers 48 
filters provide better results in the case of using MFCCs or MFCCs+∆+∆∆ 
configuration, whereas 40 filters seem to be enough in the case of MFCCs+∆ 
configuration. 

Concerning the number of Gaussians used to build the UBM and the speaker’s models 
(see Figure 5-41), G=256 provides more accurate results when using MFCCs+∆ and 
MFCCs+∆+∆∆ configuration. 

Parameters Gen. F G α EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

26MFCC 
(GIC MFCC) M/F 44 512 5 22.813% 

[0.170] - 16.081% 
[0.189] - 19.44% 

[-] 
16 MFCC 

(GDC MFCC) M 48 512 8 17.517% 
[0.199] 23.21% 16.081% 

[0.189] - 16.799% 
[13.61%] 26 MFCC 

(GDC MFCC) F 44 512 5 

          
21MFCC+∆ 

(GIC MFCC+∆) 
M/F 30 256 5 7.611% 

[0.054] - 11.170% 
[0.018] - 9.391% 

[-] 
21MFCC+∆ 

(GDC MFCC+∆) 
M 40 256 5 

6.647% 
[0.056] 12.68% 10.057% 

[-0.007]  8.352% 
[11.06%] 26 MFCC+∆ 

(GDC MFCC+∆) 
F 44 256 5 

          
25MFCC+∆+∆∆ 

(GIC MFCC+∆+∆∆) 
M/F 44 256 5 8.962% 

[-0.126] - 9.680% 
[-0.155] - 9.321% 

[-] 
22 MFCC+∆+∆∆ 

(GDC MFCC+∆+∆∆) 
M 48 256 5 

8.501% 
[-0.102] 5.14% 9.680% 

[-0.155] 0.0% 9.091% 
[2.47%] 25 MFCC+∆+∆∆ 

(GDC MFCC+∆+∆∆) 
F 44 256 5 

Table 5-11 GDC vs. GIC for HESPERIA’s development set on scenario 2 
Therefore, we can conclude that in the set of tests carried out in this scenario, using the 
development set, a gender-dependent parameterisation presents a clear advantage over 
the gender-independent parameterisation, in terms of HEER, even in the case of using 
just classical parameters. Table 5-11 provides a comparison between the recognition 
rates obtained by the system, when a GDC or a GIC is used (best results obtained so far 
are highlighted in light green). Additional columns have been added (EERX RR), which 
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provide the relative reduction obtained by GDC, in terms of EERX, respect to the 
corresponding GIC. The relative reduction in terms of HERR respect to GIC has been 
indicated in brackets in the HEER column. 

 
Figure 5-42 DET curve from classic parameters on HESPERIA male development set 
for GIC and GDC 

 
Figure 5-43 DET curve from classic parameters on HESPERIA female development set 
for GIC and GDC 
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If we compare the results shown in Table 5-11 with the ones obtained for Scenario 1, it 
should be noted that for male speakers the best results are obtained when no ∆∆ 
coefficients are used, while in the case of female speakers, ∆∆ coefficients keep on 
being the best option. 

Figure 5-42 and Figure 5-43 show the DET curves for male and female speakers for 
both configurations (GIC and GDC), regarding the different sets of classical parameters 
used so far. Again there are some cases, particularly for female speakers, in which GIC 
and GDC recognition rates are the same, thus in the DET plots only one curve is going 
to be represented. It must be reminded that the goal of the test is the reduction of EER 
and not the Area Under the Curve (AUC – see Section 1.4), thus it may happen that 
GIC shows better results than GDC for some of points of the curve. However, GDC will 
always produce better or at least equal results than GIC in terms of EER. 

In this scenario, we have also tested the effect of the extra parameters defined in section 
5.1.1. We have tested all the combinations of E, ∆E, F0 and F3 with just the GIC and 
GDC listed in Table 5-11. The most successful results, in terms of HEER, obtained on 
this set of tests are reflected in Table 5-12. According to the results shown in Table 
5-12, it must be noted that not all the tested combinations of these extra parameters 
provide a reduction of HEER, EERM or EERF, if compared with the cases reflected in 
Table 5-11. For instance, in the case of male speakers when MFCCs+∆ coefficients are 
used in a GIC configuration we obtained a relative reduction of 1.18% in terms of 
HEER. However, it is at the cost of increasing EERM from 7.611% to 8.008%. Like in 
Scenario 1, there is not a clear pattern about the best combination of extra parameters 
providing systematical improvement in recognition rates. Again the configuration of 
these extra parameters depends on the set of classical parameters used (i.e. MFCC, 
MFCC+∆, MFCC+∆+∆∆), and on the gender of the speakers. 

Parameters Gen. Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR HEER HEER 

RR 
GIC 

 MFCC M/F - 22.813% 
[0.170] - 16.081% 

[0.189] - 19.44% - 

GIC  
MFCC M/F E+F3 18.493% 

[0.113] 18.94% 15.646% 
[0.107] 2.71% 17.069% 12.23% 

GDC  
MFCC 

M - 17.517% 
[0.199] 23.21% 16.081% 

[0.189] 0.00% 16.799% 13.62% F - 
GDC  

MFCC 
M ∆E 14.773% 

[0.168] 35.24% 14.433% 
[0.016] 10.25% 14.603% 24.91% F E+∆E+F3 

         
GIC  

MFCC+∆ M/F - 7.611% 
[0.054] - 11.170% 

[0.018] - 9.391% - 

GIC  
MFCC+∆ M/F E+∆E+F0 8.008% [-

0.026] -5.21% 10.551% 
[-0.057] 5.54% 9.279% 1.18% 

GDC  
MFCC+∆ 

M - 6.647% 
[0.056] 12.68% 10.057% 

[-0.007] 9.96% 8.352% 11.06% F - 
GDC  

MFCC+∆ 
M E+∆E 6.143% 

[0.099] 19.30% 8.835% [-
0.006] 20.90% 7.489% 20.25% 

F E 
         

GIC MFCC+∆+∆∆ M/F - 8.962% 
[-0.126] - 9.680% 

[-0.155] - 9.321% - 

GIC MFCC+∆+∆∆ M/F E+∆E+F3 8.952% [-
0.028] 0.12% 8.325% [-

0.186] 14.00% 8.638% 7.33% 

GDC MFCC+∆+∆∆ 
M - 8.501% [-

0.102] 5.14% 9.680% 
[-0.155] 0.00% 9.091% 2.47% F - 

GDC MFCC+∆+∆∆ 
M E+∆E+F0 7.322% [-

0.173] 18.30% 8.325% [-
0.186] 14.00% 7.824% 16.07% F E+∆E+F3 

Table 5-12 EERM, EERF, and HEER obtained on the development set when extra 
parameters are included on the feature vectors for GIC and GDC 
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Leaving aside the MFCC configuration, it is clear from the results shown in Table 5-12, 
that the inclusion of the proposed extra parameters into the feature vector produces an 
extra benefit, helping to improve recognition rates, especially in a gender-dependent 
configuration. Better results in terms of EERM, EERF, and HEER are obtained in all the 
cases when using a GDC no matter whether MFCC, MFCC+∆, or MFCC+∆+∆∆ 
parameters are used. Like in Scenario 1, parameter F3 proposed in this thesis helps to 
improve recognition rates particularly in the case of female speakers. We have also 
tested a configuration that could be considered as state-of-the-art and thus the baseline 
to beat, namely GIC MFCCs+∆+∆∆+E+∆E. In terms of HEER, the use of GIC 
MFCCs+∆+∆∆+E+∆E provides a slight improvement respect to the use of GIC 
MFCCs+∆+∆∆, and a significant improvement of almost 5% in terms of EERM. 
However, the improvement is greater when parameter F3 is also incorporated (see Table 
5-13). Additionally the configuration referred as state-of-the-art is clearly beaten by the 
GDC MFCCs+∆+ExtParam., thus making our proposal more adequate than the classical 
one. 

Regarding the use of ∆∆ coefficients, it must be noted that in terms of EERF, a GDC 
with extra parameters (in this case E+∆E+F3) constitutes the configuration showing the 
most successful results. However, in the case of male speakers, these parameters do not 
provide any advantage in terms of EERM.  

Parameters Gen. Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR HEER HEER 

RR 
GIC 

MFCC+∆+∆∆ M/F - 8.962% 
[-0.126] - 9.680% 

[-0.155] - 9.321% - 

GIC 
MFCC+∆+∆∆ M/F E+∆E+F3 8.952% 

[-0.028] 0.12% 8.325% 
[-0.186] 14.00% 8.638% 7.33% 

GIC 
MFCC+∆+∆∆ M/F E+∆E 8.555% 

[-0.112] 4.55% 10.015% 
[-0.128] -3.46% 9.285% 0.39% 

Table 5-13 EERM, EERF, and HEER obtained on the development set comparing 
different GIC MFCC+∆+∆∆ configurations 
Figure 5-44 and Figure 5-45 respectively show the DET curves for male and female 
speakers, comparing the most relevant configurations for the present study, i.e., GIC 
MFCCs+∆, GIC MFCCs+∆+ExtParam., GDC MFCCs+∆+ExtParam., GIC 
MFCCs+∆+∆∆, GIC MFCCs+∆+∆∆+ ExtParam., GDC MFCCs+∆+∆∆+ExtParam.. In 
other words, we compare gender dependent with gender independent configurations, 
while we check as well the influence of ∆∆ coefficients and the extra proposed 
parameters. 

In what follows the results obtained on the development set when the GDEB front-end 
is used and information extracted from the vocal tract and glottal source estimates are 
conveniently parameterised. The approach that has been followed, like in the previous 
scenario, consists in incorporating the extended biometric coefficients into the best 
gender dependent configuration obtained so far without ∆∆ parameters, in two stages. 
First we incorporate a set of parameters extracted from the glottal source estimate 
(labelled as GSE), and once a specific configuration improving previous results is 
found, we continue incorporating parameters extracted from the vocal tract estimate 
(labelled as VTE). We proceed this way based on results obtained on Scenario 1, as it 
has been shown that GSE provides more relevant information about speakers than VTE. 
Additionally, we rule out the use of ∆∆ in this section for two reasons. First of all we 
believe that the proposed GDEB parameterisation may represent more accurately a 
speaker than the one that includes ∆∆ coefficients, which are supposed to be more 
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related to the message transmitted. Secondly, in this particular scenario ∆∆ coefficients 
do not provide any improvement for male speakers and only a 5% relative reduction in 
terms of EERF for female speakers. 

 
Figure 5-44 DET curves comparing different sets of parameters under GIC and GDC 
without extended biometrics on male’s development set 

 
Figure 5-45 DET curves comparing different sets of parameters under GIC and GDC 
without extended biometrics on female’s development set 
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Parameters Gen. GSE+VTE 
set up 

Extra  
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC  
MFCC+∆ M/F - - 7.611% 

[0.054] - 11.170% 
[0.018] - 9.391% 

[-] 
GDC  

MFCC+∆ 
M - E+∆E 6.143% 

[0.099] 19.30% 8.835% 
[-0.006] 20.90% 7.489% 

[20.25%] F - E 
GDC  

MFCC+∆+∆∆ 
M - E+∆E+F0 7.322% 

[-0.173] 3.80% 8.325% 
[-0.186] 25.47% 7.824% 

[16.39%] F - E+∆E+F3 

GSE 

M 

Source-Tract Sep. Alg: 
Prediction Order: 20  

Forgetting Factor:0.995  
GSE: 

10-Channel Filter bank 
2 MFCC 

E+∆E 

5.199% 
[0.006] 31.69% 8.124% 

[-0.059] 27.27% 6.662% 
[29.06%] 

F 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor:0.995 
GSE: 

32-Channel Filter bank  
6 MFCC 

E 

Table 5-14 EERM, EERF, and HEER obtained on the development set (no score normalisation), comparing classical parameters with extra 
parameters and extended biometric parameters 
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Again multiple configurations have been tested, regarding the multiple variables that 
can be tuned in the GDEB front-end, Table 5-14 shows the ultimate configurations 
chosen for each gender, as well as the recognition rates obtained in each case in terms of 
EERM, EERF and HEER. Additionally, the relative reduction (RR) in terms of EERX and 
HEER, compared to GIC MFCC+∆ configuration is also provided. 
DET curves corresponding to the results presented in Table 5-14 are depicted in Figure 
5-46 for male speakers and Figure 5-47 for female speakers. Clearly, the 
parameterisation generated by the GDEB front-end, in this case just including 
information from the glottal source estimate in the form of mel-frequency cepstrum 
coefficients, is the one providing best results on the development set for male and 
female speakers. However, in the case of female speakers this improvement only 
reaches 2.5% respect to GDC MFCCs+∆+∆∆+ExtParam.. Like in Scenario 1, the 
number of filters used to compute MFCCs from the GSE component is greater in the 
case of female speakers than in the case of male speakers. 

Although in the case of male speakers for most operating points (defined by the DET 
curve) the GSE configuration provides better results than any other configuration tested 
so far, the female case is somewhat different. As we have already pointed out, the 
improvement, in terms of EERF, obtained by the GSE configuration respect to GDC 
MFCCs+∆+∆∆+ExtParam. is quite small, therefore DET curves are going to be tightly 
packed as depicted in Figure 5-47. However, we must not forget that the objective is to 
minimise EER and not AUC, as previously commented in Scenario 1, and in this sense, 
the use of the GSE configuration provides better recognition rates than any other 
configuration tested so far for female speakers. 

 
Figure 5-46 DET curves comparing classical parameters and GDEB on HESPERIA 
development set for male speakers 
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Figure 5-47 DET curves comparing classical parameters and GDEB on HESPERIA 
development set for female speakers 

Before incorporating additional parameters from the vocal tract estimate into the feature 
vectors, it seems necessary to make some observations on the use of the parameters 
extracted from the glottal source estimate. So far we have selected specific 
configurations providing the best performance in terms of EERX (i.e. no matter whether 
male or female case) and HEER. This means that in theory no better results on 
development set can be obtained using the Baseline or the GDEB front-ends. However, 
it is necessary to verify if the improvements derived from incorporating GSE 
information is highly dependent on the specific configuration or is systematically 
obtained.  
Like in the previously presented scenario, when we deal with male speakers (see Figure 
5-48) the use of GSE parameters under different configurations systematically provides 
a reduction in terms of EERM respect to all the configurations tested so far. The green 
solid line represents the minimum EERX (y-axis) obtained when GSE is incorporated 
into the feature vector in the form of MFCCs. Different number of 
MFCCsG={2,4,6,8,10} have been tested, which have been computed applying a filter 
bank with different number of filters FG=[4...38] (x-axis). Each point in the x-axis 
represents the minimum EER obtained for a specific value of FG, regardless MFCCsG 
value.  

Figure 5-49 provides the same information for female speakers. In this case, the 
improvement in terms of EERF is systematically obtained if compared to GIC 
MFCCs+∆ and GDC MFCCs+∆+ExtParam.. However, the EERF obtained by GDC 
MFCCs+∆+∆∆+ExtParam. is difficult to beat.  
After analyzing the two proposed scenarios, we can conclude that female speakers pose 
a greater challenge than male speakers as far as improving recognition rates. Moreover, 
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the use of parameters derived from the GSE offers a clear advantage in the case of male 
speakers. 

 
Figure 5-48 Influence of GSE configuration on the EERM (development set) 

 
Figure 5-49 Influence of GSE configuration on the EERF (development set) 

In this scenario, we have also tested the influence of score normalisation algorithms in 
recognition rates. Therefore, the experiments previously reported have been conducted 
applying ZNorm, TNorm, and ZTNorm. Table 5-15 to Table 5-17 provide the 
equivalent results that have been reported in Table 5-14, when the different score 
normalisations are applied. 
It must be noted that Table 5-15 to Table 5-17 include an additional column providing 
the set up for classical parameters, i.e. MFCCs+∆., MFCCs+∆+∆∆, regarding the 
number of filters in filter bank and the number of MFCCs. This is interesting in order to 
show that the use of different types of score normalisation influences the values that 
should be assigned to the configurable parameters of the Baseline front-end in the 
search for the minimum EER. In other words, we cannot expect the set of selected 
parameters be the most successful one when no score normalisation is applied, to 
provide also the best results under different score normalisations. 

From the results shown on Table 5-15, Table 5-16, and Table 5-17, it is clear that no 
matter the score normalisation applied, the most successful results, in terms of EERM,F 
and HEER are always obtained when GSE is included as MFCCs in the feature vector. 
Additionally, a gender-dependent characterisation of speakers provides better results in 
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terms of recognition rates that a gender-independent characterisation. Anyway, there are 
two additional aspects that must be highlighted. The use of score normalisation 
algorithms provides a clear advantage in the case of male speakers (particularly in the 
case of TNorm). In the case of female speakers there is no improvement respect to the 
case in which no normalisation is applied. The second aspect that it is worth noting is 
the fact that when applying ZNorm or TNorm, classical parameters present the same 
setup for male and female speakers regarding F and MFCC parameters. However, the 
actual configuration is different as the MAP adaptation coefficient is different for each 
gender and extra parameters are also different. 
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Parameters Gen. Classic Parameters 
set up 

GSE+VTE 
set up 

Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC 
MFCC+∆ M/F F=48, MFCC=25, 

G=256, α=10 - - 8.319% 
[2.223] - 11.370% 

[2.080] - 9.845% 
[-] 

GDC 
MFCC+∆ 

M F=48, MFCC=25, 
G=256, α=20 - E+∆E 5.199% 

[2.233] 37.50% 9.237% 
[2.076] 18.76% 7.218% 

[26.68%] F F=48, MFCC=25, 
G=256, α=5 - E+∆E 

GDC 
MFCC+∆+∆∆ 

M F=48, MFCC=22, 
G=512, α=16 - E+∆E 8.008% 

[2.294] 3.74% 9.664% 
[1.998] 15.01% 8.836% 

[10.25%] F F=44, MFCC=25, 
G=256=, α=5 - E+∆E+F3 

GSE 

M F=48, MFCC=25, 
G=512, α=20 

Source-Tract Sep. Alg: 
Prediction Order: 29 

Forgetting Factor: 0.995  
GSE: 

26-Channel Filter bank 
2 MFCC 

E+∆E 

3.924% 
[2.496] 52.84% 8.919% 

[2.097] 21.56% 6.421% 
[34.77%] 

F F=48, MFCC=25, 
G=256, α=10 

Source-Tract Sep. Alg: 
Prediction Order:10 

Forgetting Factor: 0.995 
GSE: 

31-Channel Filter bank 
4 MFCC 

E+∆E 

Table 5-15 EERM, EERF, and HEER obtained on the development set (ZNorm), comparing classical parameters with extra parameters and 
extended biometric parameters  
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Parameters Gen. Classic Parameters 
set up 

GSE+VTE 
set up 

Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC 
MFCC+∆ M/F F=38, MFCC=21, 

G=256, α=5 - - 8.019% 
[2.413] - 10.450% 

[1.957] - 9.235% 
[-] 

GDC 
MFCC+∆ 

M F=38, MFCC=21, 
G=256, α=8 - E+∆E+F3 6.239% 

[2.416] 22.19% 9.630% 
[1.967] 7.85% 7.935% 

[14.08%] F F=38, MFCC=21, 
G=256, α=8 - E 

GDC 
MFCC+∆+∆∆ 

M F=34, MFCC=19, 
G=256, α=5 - E+∆E 9.069% 

[2.133] -13.10% 9.287% 
[2.097] 11.13% 9.178% 

[0.61%] F F=50, MFCC=25, 
G=256, α=5 - E+∆E 

GSE 

M F=38, MFCC=21, 
G=256, α=5 

Source-Tract Sep. Alg: 
Prediction Order: 32 

Forgetting Factor: 0.995 
GSE: 

18-Channel Filter bank 
8 MFCC 

E+∆E+F3 

5.189% 
[2.378] 35.29% 8.392% 

[2.124] 19.70% 6.790% 
[26.47%] 

F F=38, MFCC=21, 
G=256, α=10 

Source-Tract Sep. Alg: 
Prediction Order: 16  

Forgetting Factor: 0.995 
GSE: 

21-Channel Filter bank 
8 MFCC 

E 

Table 5-16 EERM, EERF, and HEER obtained on the development set (TNorm), comparing classical parameters with extra parameters and 
extended biometric parameters  
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Parameters Gen. Classic Parameters 
set up 

GSE+VTE 
set up 

Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC 
MFCC+∆ M/F F=38, MFCC=19, 

G=256, α=8 - - 7.665% 
[1.361] - 11.253% 

[0.915] - 9.459% 
[-] 

GDC 
MFCC+∆ 

M F=48, MFCC=20, 
G=512, α=5 - E+∆E 6.132% 

[1.680] 20.00% 9.722% 
[1.372] 13.61% 7.927% 

[16.20%] F F=38, MFCC=21, 
G=512, α=5 - E+F0 

GDC 
MFCC+∆+∆∆ 

M F=34, MFCC=19, 
G=256, α=10 - ∆E 8.491% 

[1.252] -10.77% 10.040% 
[0.996] 10.78% 9.265% 

[2.05%] F F=50, MFCC=26, 
G=256, α=5 - - 

GSE 

M F=48, MFCC=20, 
G=512, α=20 

Source-Tract Sep. Alg: 
Prediction Order: 29 

Forgetting Factor: 0.995 
GSE: 

17-Channel Filter bank  
10 MFCC 

E+∆E 

4.717% 
[2.191] 38.46% 8.568% 

[1.039] 23.87% 6.642% 
[29.78%] 

F F=38, MFCC=21, 
G=256, α=5 

Source-Tract Sep. Alg: 
Prediction Order: 13 

Forgetting Factor: 0.995 
GSE: 

23-Channel Filter bank 
10 MFCC 

E+F0 

Table 5-17 EERM, EERF, and HEER obtained on the development set (ZTNorm), comparing classical parameters with extra parameters and 
extended biometric parameters 
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In order to complete previous results, Figure 5-50 and Figure 5-51 provide DET curves 
for male and female speakers, respectively, so the performance of the Baseline front-end 
(in a GIC MFCCs+∆ setup) can be compared with the GDEB front-end when different 
score normalisation techniques are applied.  

 
Figure 5-50 DET curves for Baseline and GDEB front-end, applying different score 
normalisation techniques (male’s development set) 

 
Figure 5-51 DET curves for Baseline and GDEB front-end, applying different score 
normalisation techniques (female’s development set) 
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Like in Scenario 1, there are still two additional tasks to be carried out. First of all we 
have to verify the usefulness of the information provided by the vocal tract estimate 
(labelled as VTE), which we have not yet included in the experiments carried out so far. 
To limit the experiments, we only run an additional test based on the configuration 
providing better results in terms of EERX, i.e. GDC GSE No Score Norm for female 
speakers and GDC GSE ZNorm for male speakers.  
Like in the test run on Scenario 1, the use of GSE information combined with VTE 
information in a gender-dependent setup, systematically produces recognition rates that 
outperform the ones obtained by GIC MFCCs+∆ and in the case of male speakers the 
ones obtained by GDC MFCCs+∆+∆∆+ExtParam.. However, it is difficult to find a 
configuration that outperforms the recognition rates produced when using GSE 
information alone. Therefore, in this text-constrained scenario, VTE do not seem to 
provide additional information, neither for male nor for female speakers. 
Once we have found the configurations that allow us to obtain the most successful 
results in terms of EERX on the development set, using both the Baseline and the GDEB 
front-ends, the final step consists in verifying if the behaviour of the speaker recognition 
system with the selected configurations holds for the evaluation set, i.e. for unknown 
data, or if the results are affected by overtraining on the development set. Table 5-18 
provides the results obtained on the evaluation set applying the different configurations 
previously selected (see Table 5-14 to Table 5-17) for different score normalisations. 
Most successful results for the different score normalisation techniques applied are 
highlighted in green. 

The results obtained in terms of HTERX, allow us to draw two important conclusions. 
First of all, we can assert that the use of GSE conveniently parameterised provides an 
improvement in recognition rates, which remains consistent over the development set 
and the evaluation set. Specifically, for the male case when applying ZNorm we 
obtained a relative reduction of 53% in terms of EERM (from EERM =8.319%, when 
classical gender-independent characterisation is used, to EERM =3.924%). When 
moving into the evaluation set, the same configuration obtains a relative reduction of 
31% in terms of HTERM, (from HTERM =8.374%, when classical gender-independent 
characterisation is used to HTERM =5.776%). For female speakers, when no score 
normalisation is applied a relative reduction of 27% in terms of EERF is obtained (from 
EERF =11.170%, when classical gender-independent characterisation is used to EERF 
=8.124%). Correspondingly, a relative reduction of 35% in terms of HTERF is obtained 
when moving into the evaluation set (from HTERF =13.895%, when classical gender-
independent characterisation is used to HTERM =8.974%). Thus the results obtained in 
Scenario 1 appear to be consistent with those obtained in this scenario. Regarding the 
use of ∆∆ coefficients it must be noted that in any of the tested configurations, their use 
provides an improvement in terms of EERF,M, with respect to the use of GSE 
information. 
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Score 
Norm Parameters EERM 

[θM] HTERM HTERM 
RR 

EERF 

[θF] 
HTERF HTERF 

RR 
No 
Norm 

GIC 
MFCC+∆ 

7.611% 
[0.054] 9.920% - 11.170% 

[0.018] 13.895% - 

 GDC 
MFCC+∆+ExtParm. 

6.143% 
[0.099] 5.598% 43.57% 8.835% 

[-0.006] 12.039% 13.35% 

 
GDC 

MFCC+∆+∆∆+ 
ExtParm. 

7.322% 
[-0.173] 7.494% 24.45% 8.325% 

[-0.186] 9.737% 29.92% 

 GSE 5.199% 
[0.006] 4.920% 50.41% 8.124% 

[-0.059] 8.974% 35.42% 

ZNorm        

 GIC 
MFCC+∆ 

8.319% 
[2.223] 8.374% - 11.370% 

[2.080] 12.842% - 

 GDC 
MFCC+∆+ ExtParm. 

5.199% 
[2.233] 6.098% 27.18% 9.237% 

[2.076] 12.263% 4.51% 

 
GDC 

MFCC+∆+∆∆+ 
ExtParm. 

8.008% 
[2.294] 9.063% -8.24% 9.664% 

[1.998] 10.697% 16.70% 

 GSE 3.924% 
[2.496] 5.776% 31.02% 8.919% 

[2.097] 9.961% 22.44% 

TNorm        

 GIC 
MFCC+∆ 

8.019% 
[2.413] 9.282% - 10.450% 

[1.957] 10.658% - 

 GDC 
MFCC+∆+ ExtParm. 

6.239% 
[2.416] 5.609% 39.57% 9.630% 

[1.967] 9.829% 7.78% 

 
GDC 

MFCC+∆+∆∆+ 
ExtParm. 

9.069% 
[2.133] 8.305% 10.53% 9.287% 

[2.097] 9.961% 6.54% 

 GSE 5.189% 
[2.378] 4.207% 54.67% 8.392% 

[2.124] 8.961% 15.93% 

ZTNorm        

 GIC 
MFCC+∆ 

7.665% 
[1.361] 9.477% - 11.253% 

[0.915] 12.605% - 

 GDC 
MFCC+∆+ ExtParm. 

6.132% 
[1.680] 6.977% 26.38% 9.722% 

[1.372] 11.789% 6.47% 

 
GDC 

MFCC+∆+∆∆+ 
ExtParm. 

8.491% 
[1.252] 9.448% 0.30% 10.040% 

[0.996] 13.763% -9.19% 

 GSE 4.717% 
[2.191] 4.943% 47.85% 8.568% 

[1.039] 9.816% 22.13% 

Table 5-18 HTERX produced for selected configurations on evaluation set, applying 
different score normalisations 
Finally, Figure 5-52 to Figure 5-59, show the DET curves that represent the results 
obtained in the evaluation set for male and female speakers, which are reflected in Table 
5-18. 
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Figure 5-52 Male’s DET curves on HESPERIA evaluation set, without applying any 
score normalisation technique 

 
Figure 5-53 Male’s DET curves on HESPERIA evaluation set, applying ZNorm 
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Figure 5-54 Male’s DET curves on HESPERIA evaluation set, applying TNorm 

 
Figure 5-55 Male’s DET curves on HESPERIA evaluation set, applying ZTNorm 
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Figure 5-56 Female’s DET curves on HESPERIA evaluation set, without applying any 
score normalisation technique 

 
Figure 5-57 Female’s DET curves on HESPERIA evaluation set, applying ZNorm 
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Figure 5-58 Female’s DET curves on HESPERIA evaluation set, applying TNorm 

 
Figure 5-59 Female’s DET curves on HESPERIA evaluation set, applying ZNorm 

Like in Scenario 1 depending on the score normalisation applied there are some cases in 
which the DET curve associated with the GSE configuration is not always granting a  
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better performance at all points of the curve. Regarding this fact is worth to note the 
following: When testing the system in the evaluation set, we have already defined an 
operation point based on results from the development set. Therefore we are not 
evaluating the performance of our systems at all points but at the specific one given by 
θdev. Furthermore, as previously stated, our study is not focused on minimizing AUC but 
EER and thus HTER. Anyway, it would be desirable that the DET curve provided by the 
gender-dependent configuration incorporating GSE information should present better 
values than the rest of configurations at all points of the curve.  

5.2.1.2.1 Brief Conclussions 

To conclude this section, we must point out that in the closed-set text-constrained 
scenario where channel variability has been introduced the recognition rates obtained 
are clearly worse than in the previous case in which only microphone channel 
recordings are used. Otherwise, the main conclusion that can be extracted from the set 
of tests carried out is the same as in the previously presented scenario: The use of a 
gender-dependent extended-biometric parameterisation in which GSE information have 
been incorporated provides a clear improvement in terms of recognition rates respect to 
the use of a classic gender-independent approach. 

In a more specific way we can highlight the following aspects. In order to improve 
recognition rates it is essential to use a gender-dependent parameterization. In the 
particular case of not applying any score normalization technique, the trend of the 
previous scenario is maintained regarding the number of channels in the filter bank used 
to compute the MFCCs. Namely the number of channels in the used filter bank is higher 
for female speakers than for male speakers; although the number of channels differs 
from the previous scenario, as the type of involved recordings also differs. Moreover, in 
this scenario the optimal number of MFCCs for male speakers is higher than for female 
speakers, contrary to what happened in the previous scenario. This confirms not only 
the need for gender-dependent parameterization, but the need to adapt the set of 
parameters for each particular situation. 
Additionally, it has been confirmed that the use of extra parameters under some specific 
combination helps to increase recognition rates. However, in this particular scenario the 
proposed F3 coefficient does not systematically appear in the optimal configuration for 
all types of score normalization techniques for male speakers, just for the case of 
applying TNorm. In the case of female speakers, the use of F3 helps in the increase of 
recognition rates for all the score normalization techniques, alone or combined with 
other extra parameters. 

Regarding the use of ∆∆ coefficients in this scenario, their use is completely 
discouraged, as the recognition rates obtained with configurations including these 
coefficients are worse than in the case of just using MFCCs+∆, especially for male 
speakers. 
Like in the previous scenario, the results obtained in terms of EERX and HTERX, allow 
us to draw some important conclusions. The incorporation of GSE conveniently 
parameterised into the MFCC+∆ feature vectors, provides an improvement in 
recognition rates, which remains consistent over the development set and the evaluation 
set. Again, VTE coefficients do not provide additional benefit for speaker recognition 
purposes.  

Finally, the use of score normalization techniques is clearly influenced by the amount of 
information available for normalization purposes. In this particular scenario the score 
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normalization technique providing best results is also gender-dependent. Particularly, 
the use of ZNorm in the case of male speakers provides a significant improvement over 
other normalization techniques; whereas in the case of female speakers, the most 
successful results are obtained when no score normalization is applied. In this regard, it 
is worth noting that the selected optimal configuration (in terms of number of MFCCs 
and channels in the filter bank) is not going to remain the same for all the score 
normalization techniques. 

5.2.2 Text-Independent Speaker Recognition 

Like in the case of the text-constrained speaker recognition scenarios using HESPERIA 
database, the aim of this section maintains the same goals as the ones defined for those 
scenarios. In other words, we are going to check whether a gender-dependent 
characterisation of speakers provides some improvement, in terms of recognition rates, 
respect to the use of a gender-independent characterisation. For that purpose, different 
configurations, especially regarding the number of MFCCs and the number of filters 
used to compute them, have been tested. Additionally, we need to analyse the 
usefulness of certain extra parameters frequently used in speaker recognition systems 
such as: frame energy, ∆E or pitch (F0), and a new one, namely, the third formant (F3). 
Moreover, we meet again the challenge of verifying whether the use of ∆∆ coefficients 
is justified in the speaker recognition area, but in a text-independent scenario. Last but 
not least, we need to verify whether the extended-biometric parameters proposed are 
useful for speaker characterisation purposes, and thus are able to improve speaker 
recognition systems regarding recognition rates. 
For each of the proposed scenarios, we will present the results obtained using both the 
Baseline and the GDEB front-ends, when applied to the GMM-UBM approach. The 
database ALBAYZIN presents the same restrictions regarding the number of speakers 
and the amount of available data from each speaker, as the database HESPERIA. For 
this reason, neither the SV-GMM nor the i-vector approaches will be used on these 
tests. Again, TNorm, ZNorm and ZTNorm score normalisation techniques will be 
applied to analyse the effect of such techniques in recognition rates. 

The system performance will be analysed through the use of the same quality measures 
defined for the previous scenarios, i.e. EER and HTER (see Eq. (5-4) to Eq. (5-6)). 
Based on these metrics we have run a battery of tests using the Baseline front-end in 
order to minimise the EER. However, as no cross-gender trials are going to be 
presented, we may use again the HEER: 

𝐻𝐸𝐸𝑅 =
𝐸𝐸𝑅𝑀(𝑀𝐹𝐶𝐶,𝐹,∆,∆∆,𝐺,𝛼) + 𝐸𝐸𝑅𝐹(𝑀𝐹𝐶𝐶,𝐹,∆,∆∆,𝐺,𝛼)

2  Eq. (5-8) 

Where MFCC={12,14,16,18,19,20,21,22,23,24,25,26} denotes the number of MFCC 
coefficients computed,  F={24,28,30,34,38,40,44,48,50} refers to the number of filters 
on the filter bank used to compute the MFCC, ∆={true/false} and ∆∆={true/false} 
refers to the whether the ∆ (delta) and ∆∆ (double-delta) coefficients are present on the 
feature vector, G={256,512} refers to number of Gaussians used to build both the UBM 
and the speaker’s models; finally α={5,8,10,16,20} represents the relevance factor used 
to adapt the speaker’s model from the UBM using the MAP algorithm. The selected 
values for each parameter (in brackets) which have been tested are typical values used 
for the kind of problem that we are facing. It is worth to remember that in Eq. (5-8), we 
have distinguished between EER for male (EERM) and female (EERF) speakers. 
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Obviously, when using a gender-independent parameterisation, it is necessary to reach a 
compromise between both EER in order to minimise HEER. However, when a gender-
dependent parameterisation is used, this compromise disappears and the objective is to 
minimise EERM and EERF independently. 
DET curves will be used again to evaluate the calibration of the system as they 
represent the FRR against the FAR. 
In the first place, we are going to present the results obtained on the development set 
using the Baseline front-end, thus in a gender-independent configuration. Working on 
the development set allows us to tune the recognition system background parameters 
and meta-parameters. At the same time, we can analyse the usefulness of classical 
parameters (i.e. MFCCs, MFCCs+∆ and MFCCs+∆+∆∆) in a text-independent scenario, 
the effect of the number of MFCCs, and the number of filters used on the filter bank to 
compute them. We must take into account two additional issues. First of all, as we are 
using a gender-independent setup, it is necessary to reach a compromise between EERM 
and EERF, as the objective is to minimise HEER. Secondly, in this first approach, no 
score normalisation techniques have been applied, later on we will face the influence of 
the different score normalisation processes on the performance of the systems. 
The first set of figures represents the results obtained in terms of HEER, based on each 
of the configuration parameters in Eq. (5-7), assuming that we are using the Baseline 
front-end, thus gender-independent configuration (labelled as GIC), and no score 
normalisation are applied. Like in the previous scenarios, the process followed consists 
in fixing a value of a specific parameter and test for the rest of configurable parameters 
whose configuration provides better results in terms of the HEER. For instance, 
regarding the number of MFCCs, we start by fixing its value to 12, and we test all the 
combinations for the remaining parameters, selecting the one providing the lowest 
HEER. Then we move to the next MFCC value, i.e. 14, and repeat the tests.  

 
 12 14 16 18 19 20 21 22 23 24 25 26 

MFCC 10,1% 8,30% 11,3% 8,46% 7,12% 7,18% 6,31% 6,42% 5,49% 5,52% 5,72% 5,85% 

MFCC+∆ 8,15% 4,72% 3,48% 3,00% 2,80% 2,73% 2,65% 2,42% 2,59% 2,50% 2,47% 2,35% 

MFCC+∆+∆∆ 4,30% 3,59% 3,30% 3,35% 3,03% 2,97% 2,94% 2,90% 2,89% 2,85% 2,79% 2,72% 
 

Figure 5-60 HEER obtained depending on the number of MFCCs and the use of ∆ and 
∆∆ (GIC – development set) 
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In Figure 5-60, we highlight the influence of the number of MFCCs, as well as the 
influence of the use of ∆ and ∆∆ coefficients on the recognition rates. The best results 
obtained for each configuration, i.e. MFCCs, MFCCs+∆ and MFCCs+∆+∆∆, are 
marked in bold letters; while the best result obtained is marked in green. Like in the 
text-constrained scenario, MFCCs alone (i.e. without ∆ or ∆∆) are not accurate enough 
to model speakers, as recognition rates are clearly worse than the ones obtained when 
complemented with ∆ and ∆∆ coefficients. In this case the use of MFCCs+∆ 
systematically produce better results than MFCCs+∆+∆∆ for MFCC values between 18 
and 26.  
Regarding the number of filters, we operate following the same procedure, i.e. we fix a 
specific value for F, and we test all the combinations of the remaining parameters, 
selecting the configuration that provides better recognition rates in terms of HEER for 
the specific F value. Figure 5-61 shows the results obtained in terms of HEER for the 
different F values tested, and for the three tested configurations, i.e. MFCCs, MFCCs+∆ 
and MFCCs+∆+∆∆. In this case, the number of filter banks used which produces the 
best results is 48 or 50 for all the tested configurations, although a slightly improvement 
is obtained in the case of using MFCCs+∆ when 34 filters are used. 

 

 24 28 30 34 38 40 44 48 50 
MFCC 6,02% 5,52% 6,03% 6,31% 5,85% 5,54% 5,69% 5,49% 5,72% 

MFCC+∆ 2,99% 2,75% 2,62% 2,35% 2,55% 2,42% 2,65% 2,47% 2,39% 
MFCC+∆+∆∆ 3,35% 3,17% 3,04% 3,00% 2,94% 2,92% 2,92% 2,76% 2,72% 

 

Figure 5-61 HEER obtained depending on the number of filters and the use of ∆ and ∆∆ (GIC – 
development set) 

If we consider the number of Gaussians used to model the speakers in the gender-
independent configuration, we can conclude (see Figure 5-62), that the best results are 
obtained when 256 Gaussians are used in the case of including ∆ or ∆∆ coefficients in 
the feature vector, while in the case of using just MFCCs alone, the best results are 
produced when 512 Gaussians are used. 
Table 5-19, shows the specific configurations providing the best recognition rates in 
terms of HEER, for the Baseline front-end (therefore in a gender-independent 
configuration), for each set of feature vector parameters (i.e. MFCCs, MFCCs+∆ and 
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MFCCs+∆+∆∆). Moreover, it also shows the EERF and EERM obtained in each case as 
well as the specific score threshold. 

 

 MFCC MFCC+∆ MFCC+∆+∆∆ 
256G 6,915% 2,352% 2,725% 
512G 5,496% 2,525% 2,780% 

 

Figure 5-62 HEER obtained depending on the number of Gaussians and the use of ∆ 
and ∆∆ (GIC – development set) 

Parameters F G α EERM 

[θM] 
EERF 

[θF] HEER 

23MFCCs 
(GIC MFCC) 48 512 5 5.284% 

[0.146] 
5.708% 
[0.179] 5.496% 

26MFCCs+∆ 
(GIC MFCC+∆) 

34 256 5 2.534% 
[-0.178] 

2.170% 
[-0.169] 2.352% 

26MFCCs+∆+∆∆ 
(GIC MFCC+∆+∆∆) 50 256 5 3.042% 

[-0.401] 
2.409% 
[-0.375] 2.725% 

Table 5-19 Baseline front-end producing the best HEER in a gender-independent 
configuration  

So far, we have run the tests using the Baseline front-end, thus in a gender-independent 
configuration setup. Under this constraint, a compromise between EERF and EERM must 
be reached when minimizing HEER. If we remove this constraint, allowing the use of a 
gender-dependent configuration, EERF and EERM can be independently minimised, that 
may result in a reduction of HEER. Therefore, like in previous scenarios, we have 
performed the same analysis already presented, but in a gender-dependent setup 
(labelled as GDC). Figure 5-63 to Figure 5-67 provide the results obtained in terms of 
EERX, where X ={F,M}, when the effect of the number of MFCCs, the number of filters 
and the number of Gaussians in the model are analysed.  
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 12 14 16 18 19 20 21 22 23 24 25 26 

MFCC 8,87% 8,33% 9,46% 7,77% 7,03% 6,33% 6,05% 5,96% 5,28% 5,59% 4,90% 5,79% 

MFCC+∆ 8,59% 4,62% 3,70% 2,71% 2,95% 2,79% 2,81% 2,40% 2,61% 2,43% 2,44% 2,39% 

MFCC+∆+∆∆ 4,07% 3,51% 3,44% 3,28% 3,14% 2,69% 2,94% 3,10% 2,82% 2,91% 2,90% 2,72% 
 

Figure 5-63 EERM obtained depending on the number of MFCC and the use of ∆ and 
∆∆ (GDC – development set) 

 

 12 14 16 18 19 20 21 22 23 24 25 26 
MFCC 9,39% 8,22% 7,52% 6,63% 6,68% 6,30% 6,48% 5,22% 5,26% 4,90% 5,69% 5,41% 

MFCC+∆ 7,43% 4,13% 3,24% 2,54% 2,40% 2,39% 2,01% 2,16% 2,14% 2,16% 2,01% 1,99% 

MFCC+∆+∆∆ 4,01% 3,31% 2,88% 2,73% 2,66% 2,54% 2,47% 2,36% 2,31% 2,53% 2,50% 2,40% 
 

Figure 5-64 EERF obtained depending on the number of MFCC and the use of ∆ and 
∆∆ (GDC – development set) 
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 24 28 30 34 38 40 44 48 50 
MFCC 5,966% 5,792% 5,591% 6,053% 6,027% 5,576% 5,394% 5,284% 4,905% 

MFCC+∆ 3,254% 2,924% 2,746% 2,390% 2,549% 2,402% 2,587% 2,436% 2,580% 
MFCC+∆+∆∆ 3,466% 3,125% 2,992% 2,723% 2,992% 2,697% 2,902% 2,750% 2,826% 

 

Figure 5-65 EERM obtained depending on the number of filters and the use of ∆ and ∆∆ (GDC 
– development set) 

 

 24 28 30 34 38 40 44 48 50 
MFCC 5,697% 5,053% 5,663% 6,068% 5,413% 4,909% 5,905% 5,223% 5,977% 

MFCC+∆ 2,553% 2,466% 2,174% 2,170% 2,140% 2,333% 1,996% 2,011% 2,182% 
MFCC+∆+∆∆ 2,920% 2,652% 2,470% 2,742% 2,311% 2,356% 2,545% 2,364% 2,409% 

 

Figure 5-66 EERF obtained depending on the number of filters and the use of ∆ and ∆∆ (GDC 
– development set) 
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 G MALE - EERM FEMALE - EERF 

MFCC 256 6,686% 5,905% 
512 4,905% 4,909% 

MFCC+∆ 
256 2,390% 1,996% 
512 2,443% 2,167% 

MFCC+∆+∆∆ 
256 2,723% 2,311% 
512 2,697% 2,364% 

 

Figure 5-67 EERM (blue) and EERF (red) obtained depending on the number of Gaussians and 
the use of ∆ and ∆∆ (GDC – development set) 

From Figure 5-63 and Figure 5-64, we can conclude that in this text-independent 
scenario, the number of MFCCs needed to characterise precisely speakers is 26 
regardless of gender. Moreover, the use of MFCCs+∆+∆∆ configuration does not offer 
additional benefits neither for male nor for female speakers.  Differences arise however 
in the number of filters included in the filter bank to compute the MFCCs. Particularly, 
in the case of male speakers (see Figure 5-65) the best results are obtained when 34 
filters are used, while in the case of female speakers (see Figure 5-66) this number rises 
up to 44. This result confirms the trend of previous scenarios, where the number of 
filters needed to accurately model speakers, is higher for female than for male speakers. 

Concerning the number of Gaussians used to build both the UBM and the speaker’s 
models (see Figure 5-67), no general conclusion can be extracted. Nevertheless, the best 
results are obtained when G=256 and the MFCCs+∆ configuration is used. 
Therefore, we can conclude that in the set of tests carried out in this scenario, using the 
development set, a gender-dependent parameterisation presents a clear advantage over 
the gender-independent parameterisation, in terms of HEER, even in the case of using 
just classical parameters.  Table 5-20 provides a comparison between the recognition 
rates obtained by the system, when a GDC or a GIC is used (the best results obtained so 
far are highlighted in light green). Additional columns have been added (EERX RR), 
which provide the relative reduction obtained by GDC, in terms of EERX, respect to the 
corresponding GIC. The relative reduction in terms of HERR respect to GIC has been 
indicated in brackets in the HEER column.  
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Parameters Gen. F G α EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR HEER 

23MFCCs 
(GIC MFCC) M/F 48 512 5 5.284% 

[0.146] - 5.708% 
[0.179] - 5.496% 

[-] 
25MFCCs 

(GDC MFCC) M 50 512 5 4.905% 
[0.199] 7.16% 4.909% 

[0.177] 14.00% 4.907% 
[10.71%] 24MFCCs 

(GDC MFCC) F 40 512 16 

          
26MFCCs+∆ 

(GIC MFCC+∆) 
M/F 34 256 5 2.534% 

[-0.178] - 2.170% 
[-0.169] - 2.352% 

[-] 
26MFCCs+∆ 

(GDC MFCC+∆) 
M 34 256 16 

2.390% 
[-0.001] 5.68% 1.996% 

[-0.166] 8.02% 2.193% 
[6.76%] 26MFCCs+∆ 

(GDC MFCC+∆) 
F 44 256 5 

          
26MFCCs+∆+∆∆ 

(GIC 
MFCC+∆+∆∆) 

M/F 50 256 5 3.042% 
[-0.401] - 2.409% 

[-0.375] - 2.725% 
[-] 

20MFCCs+∆+∆∆ 
(GDC 

MFCC+∆+∆∆) 
M 40 512 20 

2.697% 
[0.010] 11.33% 2.311% 

[-0.164] 4.08% 2.504% 
[8.13%] 23MFCCs+∆+∆∆ 

(GDC 
MFCC+∆+∆∆) 

F 38 256 8 

Table 5-20 GDC vs. GIC for the ALBAYZIN development set (RR – Relative 
Reduction) 
According to the results shown in Table 5-20 when the feature vector contains just 
MFCCs coefficients, a gender-dependent configuration produces a relative reduction of 
10.71% in terms of HEER thanks to a simultaneous reduction on the EERM (from 
5.284% to 4.905%) and EERF (from 5.708% to 4.909%). In this case, the number of 
filters used to extract the MFCCs as well as the number of MFCCs is different for male 
and female speakers. In the case of incorporating ∆ coefficients to the feature vectors, 
we also obtain a relative reduction in terms of HEER of 6.76% when a gender-
dependent configuration is used. The number of MFCCs is the same for male and 
female speakers, however the number of filters required to extract them is larger in the 
case of female speakers. When using the GDC the EERM drops from 2.534% to 2.390%, 
while EERF is reduced from 2.170% to 1.996%. Finally, GDC also provides better 
results when using MFCCs+∆+∆∆, in terms of HEER, than GIC.  
Figure 5-68 and Figure 5-69 show the DET curves of male and female speakers, for 
both configurations (GIC and GDC), from the different sets of classical parameters used 
so far, and specified in Table 5-20. It must be reminded that the goal of the test is the 
reduction of EER and not the Area Under the Curve (AUC – see Section 1.4), thus it 
may happen that GIC shows better results than GDC for some of the points of the curve. 
However, GDC will always produce better or at least equal results than GIC in terms of 
EER. 
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Figure 5-68 DET curve for classic parameters on ALBAYZIN male development set 
for GIC and GDC 

 
Figure 5-69 DET curve for classic parameters on ALBAYZIN female development set 
for GIC and GDC 
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In this text-independent scenario, we have also analysed the effect of adding the extra 
parameters, i.e. Energy, ∆ Energy, Pitch (F0) and third formant (F3), both on the 
gender-dependent and gender-independent configurations. All combinations of these 
extra parameters have been included in the feature vectors, however, only the most 
relevant results, in terms of EERM, EERF and HEER, obtained on this set of tests are 
reflected in Table 5-21.  

Parameters Gen. Extra  
Parameters 

EERM 

[θM] 
EERM 
RR 

EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC 
MFCC M/F - 5.284% 

[0.146] - 5.708% 
[0.179] - 5.496% 

[-] 
GIC 

MFCC M/F ∆E+F0+F3 4.564% 
[0.176] 13.62% 5.367% 

[0.149] 5.97% 4.966% 
[9.64%] 

GDC 
MFCC 

M - 4.905% 
[0.199] 7.16% 4.909% 

[0.177] 14.00% 4.907% 
[10.71%] F - 

GDC 
MFCC 

M E+∆E+F0+F3 4.405% 
[0.204] 16.63% 4.837% 

[0.166] 15.26% 4.621% 
[15.92%] F F0 

        
GIC  

MFCC+∆ M/F - 2.534% 
[-0.178] - 2.170% 

[-0.169] - 2.352% 
[-] 

GIC  
MFCC+∆ M/F E+∆E 2.163% 

[-0.035] 14.64% 1.992% 
[-0.028] 8.20% 2.078% 

[11.67%] 
GDC 

 MFCC+∆ 
M - 2.390% 

[-0.001] 5.68% 1.996% 
[-0.166] 8.02% 2.193% 

[6.76%] F - 
GDC  

MFCC+∆ 
M E+∆E 2.163% 

[-0.035] 14.64% 1.818% 
[-0.113] 16.2% 1.991% 

[15.37%] F E+∆E+F0+F3 
        

GIC  
MFCC+∆+∆∆ M/F - 3.042% 

[-0.401] - 2.409% 
[-0.375] - 2.725% 

[-] 
GIC  

MFCC+∆+∆∆ M/F ∆E+F0 2.352% 
[-0.238] 22.66% 2.542% 

[-0.222] -5.50% 2.447% 
[10.21%] 

GDC  
MFCC+∆+∆∆ 

M - 2.697% 
[0.010] 11.33% 2.311% 

[-0.164] 4.08% 2.504% 
[8.13%] F - 

GDC  
MFCC+∆+∆∆ 

M E+F0 2.205% 
[0.032] 27.52% 1.807% 

[0.016] 25.00% 2.006% 
[26.40%] F E+∆E 

Table 5-21 EERM, EERF and HEER obtained on development set when extra parameters 
are included on the feature vectors for GIC and GDC 

The best results for each set of classical parameters used (i.e. MFCCs, MFCCs+∆, 
MFCCs+∆+∆∆) are highlighted in green. Although not reflected in the previous table, it 
must be noted that not all the tested combinations of extra parameters provide a 
reduction in terms of EERM, EERF and HEER. Additionally, depending on the 
configuration, the extra parameters providing the best results may be different.  

From the results reflected in Table 5-21, we can point out several conclusions.  First of 
all, it is clear that the incorporation of extra parameters provides an extra benefit, 
helping to improve recognition rates, no matter whether MFCCs, MFCCs+∆, or 
MFCCs+∆+∆∆ parameters are used. Secondly, the best results in terms of EERM, EERF, 
and HEER are obtained in all the cases when using a GDC. It must be also noted that, 
like in previous scenarios, the use of MFCCs+∆+∆∆ parameters in a gender-dependent 
setup, becomes again the most accurate parameterisation for female speakers. Last but 
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not least, in this text-independent scenario, the extra parameters E+∆E are the ones 
providing improvements in recognition rates for both male and female speakers. This 
may somehow justify their use by most speaker recognition systems. However, it must 
be noted that this conclusion is valid in a gender-dependent setup, where male speakers 
are parameterised using MFCCs+∆, and female speakers are parameterised using 
MFCCs+∆+∆∆. If we consider the state-of-the-art parameterisation, i.e. GIC 
MFCCs+∆+∆∆+E+∆E, it is clear as reflected in Table 5-22, that there are better options 
when it comes to reducing HEER. Particularly, GIC MFCCs+∆+∆∆+∆E+F0 provide 
better results in terms of HEER, while GDC MFCCs+∆+ExtParam. provide better 
results in terms of EERM and EERF, with significantly less number of parameters and 
computational cost. 

Parameters Gen. Extra 
Parameters 

EERM 

[θM] 
EERM 
RR 

EERF 

[θF] 
EERF 
RR HEER HEER 

RR 
GIC 

MFCC+∆+∆∆ M/F - 3.042% 
[-0.401] - 2.409% 

[-0.375] - 2.725% - 

GIC 
MFCC+∆+∆∆ M/F ∆E+F0 2.352% 

[-0.238] 22.66% 2.542% 
[-0.222] -5.50% 2.447% 10.21% 

GIC 
MFCC+∆+∆∆ M/F E+∆E 2.947% 

[-0.184] 3.11% 2.178% 
[-0.152] 9.59% 2.563% 5.97% 

Table 5-22 EERM, EERF, and HEER obtained on the development set comparing 
different GIC MFCC+∆+∆∆ configurations 
Figure 5-70 and Figure 5-71 respectively provide the DET curves for male and female 
speakers, comparing the most relevant configurations for the present study, i.e., GIC 
MFCCs+∆, GIC MFCCs+∆+ExtParam., GDC MFCCs+∆+ExtParam., GIC 
MFCCs+∆+∆∆, GIC MFCCs+∆+∆∆+ExtParam., GDC MFCCs+∆+∆∆+ExtParam.. In 
other words, we compare gender-dependent with gender-independent configurations, 
while we check as well the influence of ∆∆ coefficients and the extra proposed 
parameters. Two important comments must be made concerning these plots. First of all, 
it is possible that GIC and GDC were the same for a specific configuration, thus in the 
DET plots only one curve is going to be visible (male MFCCs+∆+ExtParam.). 
Additionally, we must remember that the goal is the reduction of EER and not the Area 
Under the Curve (AUC – see Section 1.4), thus it may happen that GIC can show better 
results than GDC for some of points of the curve. However, GDC will always achieve 
better or at least equal results than GIC in terms of EER. 
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Figure 5-70 DET curves comparing different sets of parameters under GIC and GDC 
without extended biometrics on the male development set 

 
Figure 5-71 DET curves comparing different sets of parameters under GIC and GDC 
without extended biometrics on the female development set 
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Next, we verify the viability of using the extended-biometric parameters extracted by 
the GDEB front-end, for speaker recognition purposes in the text-independent scenario. 
Like in the text-constrained scenario, the approach that has been followed consists in 
incorporating the extended biometric coefficients (information extracted from the vocal 
tract and glottal source estimates) into the best gender-dependent configuration selected 
so far without ∆∆ parameters, in two stages. First we incorporate a set of parameters 
extracted from the glottal source estimate (labelled as GSE), and once a specific 
configuration improving previous results is found, we continue by incorporating 
parameters extracted from the vocal tract estimate (labelled as VTE).  

We proceed this way because the vocal tract estimate is more related to the message 
carried out by voice, rather than to the biometry of the speakers; therefore as we are 
dealing with text-independent trials, GSE is supposed to provide more benefits than 
VTE in terms of recognition rates. Additionally, we have already seen that even in the 
case of text-constrained scenarios, VTE does not provide additional improvement in 
recognition rates. Once more, we have ruled out the use of ∆∆ in this section, as we 
believe that the proposed GDEB parameterisation may represent the speaker more 
accurately than the one including ∆∆ coefficients, like in previous scenarios.  
Although multiple configurations have been tested, regarding the multiple variables that 
can be tuned in the GDEB front-end, Table 5-23 shows the ultimate configurations 
chosen for each gender, as well as the recognition rates obtained in each case in terms of 
EERM, EERF and HEER. Additionally, the relative reduction (RR) in terms of EERX and 
HEER, compared to the GIC MFCCs+∆ configuration is also provided. 

DET curves corresponding to the results presented in Table 5-23 are depicted in Figure 
5-72 for male speakers and Figure 5-73 for female speakers. Clearly, the 
parameterisation generated by the GDEB front-end, in this case just including 
information from the glottal source estimate in the form of mel-frequency cepstrum 
coefficients, is the one providing the best results on the development set for male and 
female speakers.  Specifically, the GSE setup, provides a relative reduction in terms of 
EER respect to the best configuration using classical parameters of 30% in the case of 
male speakers (GDC MFCCs+∆+ExtParam.) and 20% in the case of female speakers 
(GDC MFCCs+∆+∆∆+ExtParam.). Regarding the specific setup selected for GSE, it 
must be noted that the number of filters used to compute MFCCs from the GSE is 
almost the same for both male and female speakers; however, the number of MFCCs 
used is larger in the case of male speakers. 
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Parameters Gen. GSE+VTE 
set up 

Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC 
MFCC+∆ M/F - - 2.534% 

[-0.178] - 2.170% 
[-0.169] - 2.352% 

[-] 
GDC 

MFCC+∆ 
M - E+∆E 2.163% 

[-0.035] 14.64% 1.818% 
[-0.113] 16.23% 1.991% 

[15.37%] F - E+∆E+F0+F3 
GDC 

MFCC+∆+∆∆ 
M - E+F0 2.205% 

[0.032] 13.00% 1.807% 
[0.016] 16.75% 2.006% 

[14.73%] F - E+∆E 

GSE 

M 

Source-Tract Sep. Alg: 
Prediction Order: 10 

Forgetting Factor: 0.995 
GSE: 

13-Channel Filter bank 
8 MFCC 

E+∆E 

1.504% 
[-0.131] 40.65% 1.451% 

[-0.145] 33.15% 1.477% 
[37.19%] 

F 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor: 0.995 
GSE: 

12-Channel Filter bank 
4 MFCC 

E+∆E+F0+F3 

Table 5-23 EERM, EERF, and HEER obtained on development set (no score normalisation), comparing classical parameters with extra 
parameters and extended biometric parameters 
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Figure 5-72 DET curves comparing classical parameters and GDEB on ALBAYZIN 
development set for male speakers 

 
Figure 5-73 DET curves comparing classical parameters and GDEB on ALBAYZIN 
development set for female speakers 
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Like in previous scenarios, we need to verify that the improvement derived from 
incorporating GSE information into the feature vector is systematically obtained and is 
not the result of an isolated and specific configuration. Figure 5-74 provides in green 
solid line the minimum EERX (y-axis) obtained when GSE is incorporated into the 
feature vector in the form of MFCCs for male speakers. Different numbers of 
MFCCG={2,4,6,8,10} have been tested, which have been computed applying a filter 
bank with different numbers of filters FG=[4...23] (x-axis). Each point in the x-axis 
represents the minimum EER obtained for a specific value of FG, regardless the MFCCG 
values. Figure 5-75 provides the same information for female speakers. Clearly, from 
the depicted results, the use of GSE systematically results in an improvement of 
recognition rates regardless the gender of speakers. 

 
Figure 5-74 Influence of the GSE configuration on the EERM (development set) 

 
Figure 5-75 Influence of the GSE configuration on the EERF (development set) 
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Parameters Gen. 
Classic  

Parameters 
set up 

GSE+VTE 
set up 

Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC 
MFCC+∆ M/F F=40, MFCC=22, 

G=256, α=5 - - 2.405% 
[2.477] - 1.818% 

[2.886] - 2.112% 
[-] 

GDC 
MFCC+∆ 

M F=38, MFCC=25, 
G=512, α=20 - E+F3 1.848% 

[2.794] 23.15% 1.655% 
[3.228] 8.95% 1.752% 

[17.04%] F F=48, MFCC=21, 
G=512, α=16 - ∆E 

GDC 
MFCC+∆+∆∆ 

M F=44, MFCC=25, 
G=256, α=8 - ∆E+F0 2.504 

[2.406] -4.09% 1.818% 
[2.811] 0.00% 2.161% 

[-2.33%] F F=30, MFCC=24, 
G=256, α=5 - ∆E 

GSE 

M F=38, MFCC=25, 
G=256, α=8 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor: 0.995 
GSE: 

13-Channel Filter bank 
10 MFCC 

E+F3 

1.496% 
[2.777] 37.79% 1.231% 

[3.030] 32.29% 1.364% 
[35.42%] 

F F=48, MFCC=21, 
G=256, α=5 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor: 0.995 
GSE: 

14- Channel Filter bank 
10 MFCC 

∆E 

Table 5-24 EERM, EERF, and HEER obtained on the development set (ZNorm), comparing classical parameters with extra parameters and 
extended biometric parameters 
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Parameters Gen. Classic Parameters 
set up 

GSE+VTE 
set up 

Extra 
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC 
MFCC+∆ M/F F=50, MFCC=26, 

G=256, α=5 - - 2.000% 
[1.004] - 1.455% 

[1.118] - 1.727% 
[-] 

GDC 
MFCC+∆ 

M F=44, MFCC=24, 
G=256, α=5 - E+∆E+F0 1.807% 

[1.199] 9.65% 1.424% 
[1.238] 2.08% 1.616% 

[6.46%] F F=50, MFCC=26, 
G=256, α=5 - E+∆E 

GDC 
MFCC+∆+∆∆ 

M F=38, MFCC=25, 
G=256 , α=5 - ∆E+F0 2.042% 

[0.490] -2.08% 2.000% 
[0.847] -37.50% 2.021% 

[-16.99%] F F=44, MFCC=22, 
G=256, α=5 - E+∆E+F0+F3 

GSE 

M F=44, MFCC=24, 
G=256, α=5 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor: 0.995 
GSE: 

17-Channel Filter bank/10 
MFCC 

E+∆E+F0 

1.288% 
[1.252] 35.60% 1.133% 

[1.151] 22.13% 1.210% 
[29.93%] 

F F=50, MFCC=26, 
G=256, α=5 

Source-Tract Sep. Alg: 
Prediction Order: 20 

Forgetting Factor: 0.995 
GSE: 
7-Channel Filter bank /8 MFCC 

E+∆E 

GSE+VTE F F=50, MFCC=26, 
G=256, α=5 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor: 0.995 
GSE: 
18-Channel Filter bank /6MFCC 
VTE: 
40-Channel Filter bank /2MFCC 

E+∆E - - 1.091% 
[1.270] 25.02% - 

Table 5-25 EERM, EERF, and HEER obtained on the development set (TNorm), comparing classical parameters with extra parameters and 
extended biometric parameters  
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Parameters Gen. Classic Parameters  
set up 

GSE+VTE 
set up 

Extra  
Parameters 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

GIC 
MFCC+∆ M/F F=34, MFCC=26, 

G=256, α=5 - - 2.000% 
[1.847] - 1.655% 

[2.233] - 1.828% 
[-] 

GDC 
MFCC+∆ 

M F=40, MFCC=22, 
G=256, α=8 - ∆E+F0 1.636% 

[1.986] 18.18% 1.455% 
[2.305] 12.12% 1.545% 

[15.44%] F F=44, MFCC=26, 
G=256, α=5 - F0+F3 

GDC 
MFCC+∆+∆∆ 

M F=40, MFCC=22, 
G=256, α=10 - F3 2.129% 

[1.731] -6.43% 2.027% 
[2.030] -22.42% 2.078% 

[-13.67%] F F=40, MFCC=24, 
G=256, α=10 - - 

GSE 

M F=40, MFCC=22, 
G=512, α=8 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor: 0.995 
GSE: 

12-Channel Filter bank/8MFCC 

∆E+F0 

1.273% 
[2.031] 36.36% 1.273% 

[2.304] 23.11% 1.273% 
[30.36%] 

F F=44, MFCC=26, 
G=256, α=16 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor: 0.995 
GSE: 
13-Channel Filter bank /6MFCC 

F0+F3 

GSE+VTE M F=40, MFCC=22, 
G=256, α=16 

Source-Tract Sep. Alg: 
Prediction Order: 16 

Forgetting Factor: 0.995 
GSE: 
13-Channel Filter bank /8MFCC 
VTE: 
18-Channel Filter bank /6MFCC 

∆E+F0 1.114% 
[2.092] 44.31% - - - 

Table 5-26 EERM, EERF, and HEER obtained on the development set (ZTNorm), comparing classical parameters with extra parameters and 
extended biometric parameters 
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Another factor that must be analysed is the influence of score normalisation algorithms 
in recognition rates. For this reason, the same experiments that have been presented so 
far (when no score normalisation is applied), have been conducted but applying ZNorm, 
TNorm, and ZTNorm. Table 5-24 to Table 5-26, provide the equivalent results that have 
been reported in Table 5-23, when the different score normalisations are applied.  

Form the results shown on Table 5-23 to Table 5-26, it is clear that no matter whether 
score normalisation is applied or not, the best results in terms of EERX or HEER are 
always obtained when GSE information is incorporated on the feature vectors. 
Moreover, it can be asserted that the use of ∆∆ coefficients does not provide any 
additional benefit. Additionally, the use of score normalisation algorithms provides a 
general improvement on all recognition rates: specifically, TNorm provides the best 
results in terms of EERF while ZTNorm provides the best results in terms of EERM. 

In order to complete previous results, Figure 5-76 and Figure 5-77 provide DET curves 
for male and female speakers, respectively, so the performance of the Baseline front-end 
(in a GIC MFCCs+∆ setup) can be compared with the GDEB front-end when different 
score normalisation techniques are applied and only information from the glottal source 
estimate is included. 

 
Figure 5-76 DET curves for Baseline and GDEB front-end, applying different score 
normalisation techniques (male development set) 
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Figure 5-77 DET curves for Baseline and GDEB front-end, applying different score 
normalisation techniques (female development set) 

To complete the study on the ALBAYZIN database, there are still two additional tasks 
to perform. First of all, we have to verify the usefulness of the information provided by 
the vocal tract estimate (VTE), which we have not yet analysed. As we are working on a 
text-independent scenario, chances are on VTE not been as useful as GSE in order to 
accurately characterise a speaker. For this reason we only run an additional test based 
on the most successful male and female configurations in terms of EERM and EERF, i.e. 
GSE ZTNorm for male speakers and GSE TNorm for female speakers.  
In the case of the tests run on male speakers, the use of GSE information combined with 
VTE information systematically produces recognition rates that outperform the 
recognition rates obtained by the GIC MFCCs+∆ and the GDC MFCCs+∆+ExtParam. 
configurations. However, it is difficult to find a configuration that outperforms the 
recognition rates obtained when incorporating GSE information into the feature vector, 
which leads us to conclude that the GSE provides more relevant speaker’s biometric 
information than the VTE. Nevertheless, we have found few configurations providing 
better recognition rates in terms of EERM (see Table 5-26). Specifically, adding 6 
MFCCs extracted from the VTE using 16 filters, a relative reduction of 44.31% in terms 
of EERM, respect to GIC MFCCs+∆ is obtained, which means that a relative reduction 
of 12.5% is obtained respect to the configuration in which only GSE information is 
used. Figure 5-78 provides the DET curves comparing results shown on Table 5-26. 

The same explanation is valid for the case of female speakers, as there are a few 
configurations, including VTE information, that provide better recognition rates in 
terms of EERF, than the ones obtained with the different configurations tested so far. 
Specifically (see Table 5-25), adding 2 MFCCs extracted from the VTE using 40 filters, 
a relative reduction of 25% in terms of EERF, respect to GIC MFCCs+∆ is obtained, 
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which means that a relative reduction of 3.67% is obtained respect to the configuration 
in which only GSE information is used. Figure 5-79 provides the DET curves 
comparing results shown on Table 5-25. 

 
Figure 5-78 DET curves comparing classical parameters and GDEB on ALBAYZIN 
development set for male speakers and ZTNorm 

 
Figure 5-79 DET curves comparing classical parameters and GDEB on ALBAYZIN 
development set for female speakers and TNorm 
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Finally, once the settings are fixed for both Baseline and GDEB front-ends, and a score 
threshold is established on the development set, the actual system performance can be 
checked out using the evaluation set. As we are facing the systems to new unknown 
data, we can verify if the behaviour of the speaker recognition system with the selected 
parameters holds for the evaluation set, or if the results obtained are affected by 
overtraining on the development set. Table 5-27 provides the results obtained on the 
evaluation set using the different configuration previously selected (see Table 5-23 to 
Table 5-26) for different score normalisation techniques, and the selected threshold.  
The results obtained in terms of HTERX lead to two important conclusions. First of all, 
we can assert that the use of GSE information conveniently parameterised provides an 
improvement in recognition rates which remains consistent over the development set, 
and the evaluation set. Specifically, for the female case when applying TNorm we 
achieve a relative reduction of 25% in terms of EERF (from EERF=1.455%, when 
classical gender-independent characterisation is used, to EERF=1.091%), which is 
transformed into a relative reduction of 20% in terms of HTERF, when moving to 
evaluation set (from HTERF=2.835%, when classical gender-independent 
characterisation is used, to HTERF=2.262%). For the case of male speakers, when 
ZTNorm is applied, we achieve a relative reduction of 36% in terms of EERM (from 
EERF=2.000%, when classical gender-independent characterisation is used, to 
EERM=1.273%), which is transformed into a relative reduction of 29% in terms of 
HTERM, when moving to evaluation set (from HTERM=2.783%, when classical gender-
independent characterisation is used, to HTERM=1.977%). 
Surprisingly, the inclusion on VTE information on the feature vector seems to be 
helpful for both male and female speakers. However, this result should be treated with 
caution, especially by two important reasons. First of all, unlike in the case of 
information extracted from GSE, the use of VTE information only provides a slight 
improvement under limited and specific settings on the development set. Secondly, this 
improvement in terms of EERX is not always reflected on the evaluation set. As it has 
been already pointed out, the VTE provides information which is more related to the 
phonetic content of the message, therefore, in order to be useful in the speaker 
recognition task (especially in a text-independent scenario), the training information is 
required to provide sufficient phonetic coverage representative of the message that can 
be found lately on trials. Although some improvements have been reported on the 
development and evaluation sets, clearly, the training information for a proper VTE use 
seems to be not sufficient or adequate.  

Additionally, the results show that the improvement obtained on the development set 
when using the ∆∆ coefficients and no score normalisation was applied for male 
speakers, were due to an overtraining on the development set, as the results obtained for 
the same configuration on the evaluation set were far worse than the ones obtained by 
the rest of tested configurations. Therefore, the use of ∆∆ coefficients which offered 
some advantage, particularly for female speakers in a text-constrained context, appears 
to be clearly inefficient in a text-independent scenario. 
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Score 
Norm Parameters EERM 

[θM] HTERM HTERM 
RR 

EERF 

[θF] HTERF HTERF 
RR 

No 
Norm 

GIC  
MFCC+∆ 

2.534% 
[-0.178] 3.347% - 2.170% 

[-0.169] 3.250% - 

 GDC MFCC+∆+ExtParm. 2.163% 
[-0.035] 3.089% 7.70% 1.818% 

[-0.113] 3.094% 4.79% 

 GDC 
MFCC+∆+∆∆+ExtParm. 

2.205% 
[0.032] 5.565% -66.26% 1.807% 

[0.016] 8.383% -157.92% 

 GSE 1.504% 
[-0.131] 2.189% 34.61% 1.451% 

[-0.145] 2.673% 17.74% 

ZTNorm        

 GIC  
MFCC+∆ 

2.000% 
[1.847] 2.783% - 1.655% 

[2.233] 3.081% - 

 GDC MFCC+∆+ExtParm. 1.636% 
[1.986] 2.432% 12.59% 1.455% 

[2.305] 2.870% 6.85% 

 GDC 
MFCC+∆+∆∆+ExtParm. 

2.129% 
[1.731] 3.513% -26.22% 2.027% 

[2.030] 3.287% -6.68% 

 GSE 1.273% 
[2.031] 1.977% 28.94% 1.273% 

[2.304] 2.709% 12.07% 

 GSE+VTE 1.114% 
[2.092] 1.917% 31.12% - - - 

TNorm        

 GIC  
MFCC+∆ 

2.000% 
[1.004] 2.806% - 1.455% 

[1.118] 2.835% - 

 GDC MFCC+∆+ExtParm. 1.807% 
[1.199] 2.555% 8.93% 1.424% 

[1.238] 2.598% 8.36% 

 GDC 
MFCC+∆+∆∆+ExtParm. 

2.042% 
[0.490] 3.077% -9.66% 2.000% 

[0.847] 2.865% -1.02% 

 GSE 1.288% 
[1.252] 1.812% 35.42% 1.133% 

[1.151] 2.289% 19.28% 

 GSE+VTE - - - 1.091% 
[1.270] 2.262% 20.21% 

ZNorm        

 GIC  
MFCC+∆ 

2.045% 
[2.477] 3.388% - 1.818% 

[2.886] 3.075% - 

 GDC MFCC+∆+ExtParm. 
1.848% 
[2.794] 3.040% 10.25% 1.655% 

[3.228] 3.203% -4.16% 

 GDC 
MFCC+∆+∆∆+ExtParm. 

2.504% 
[2.406] 3.290% 2.89% 1.818% 

[2.811] 3.199% -4.04% 

 GSE 1.496% 
[2.777] 1.980% 41.55% 1.231% 

[3.030] 2.635% 14.31% 

Table 5-27 HTERX obtained for selected configurations on evaluation set, applying 
different score normalisations 
Finally, Figure 5-80 to Figure 5-87, provide the DET curves that represent the results 
obtained in the evaluation set for male and female speakers, which are reflected in Table 
5-27. 
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Figure 5-80 Male DET curves on ALBAYZIN evaluation set, without applying any 
score normalisation technique 

 
Figure 5-81 Male DET curves on ALBAYZIN evaluation set, applying ZNorm 
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Figure 5-82 Male DET curves on ALBAYZIN evaluation set, applying TNorm 

 
Figure 5-83 Male DET curves on ALBAYZIN evaluation set, applying ZTNorm 
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Figure 5-84 Female DET curves on ALBAYZIN evaluation set, without applying any 
score normalisation technique 

 
Figure 5-85 Female DET curves on ALBAYZIN evaluation set, applying ZNorm 
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Figure 5-86 Female DET curves on ALBAYZIN evaluation set, applying TNorm 

 
Figure 5-87 Female DET curves on ALBAYZIN evaluation set, applying ZTNorm 

There is an important aspect that must be noticed based on the DET curves previously 
presented, which refers to the behaviour of the system on the evaluation set. When 
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testing the system in the evaluation set, we have already defined an operation point 
based on development set results. Therefore we are not evaluating the performance of 
our systems at all points but at the specific one given by θdev. However, as the interested 
reader may have already noticed, in this text-independent scenario, the DET curves 
provided by the gender-dependent configuration incorporating GSE (or GSE+VTE) 
information presents better results than the rest of configurations at almost all points of 
the curve for all of the score normalisation algorithms applied and both genders. 
Therefore, in this scenario we have not only minimised EER and thus HTER, but also 
AUC. 

5.2.2.1 Brief Conclussions 

To conclude this section, we must point out that in the closed-set text-independent 
scenario designed using the ALBAYZIN database, the use of a gender-dependent 
extended biometric parameterisation in which VTE and GSE information have been 
incorporated provides a clear improvement in terms of recognition rates respect to the 
use of the classic gender-independent approach. This improvement remains consistent 
over the development set and the evaluation set. 
In a more specific way we can highlight the following aspects. In order to improve 
recognition rates it is essential to use a gender-dependent parameterization. The trend 
shown in previous scenarios regarding the number of channels in the filter bank used to 
compute the MFCCs is confirmed in this scenario as well. In other words, the number of 
channels in the optimal filter bank is higher for female speakers than for male speakers, 
regardless the score normalization technique applied. Regarding the number of MFCCs 
(in the MFCCs+∆ configuration), it remains in the range of 21 to 26 for both male and 
female speakers, being the optimal value different depending on the gender, except for 
the case of not applying any score normalization technique in which MFCC=26 for both 
genders. 

Like in the previous scenario, the use of ∆∆ coefficients is completely discouraged as 
the recognition rates obtained with configurations including these coefficients, are 
worse than in the case of using just MFCCs+∆, especially for male speakers.  
Additionally, it has been confirmed that the use of extra parameters under some specific 
combination helps to increase recognition rates. However, in this particular scenario the 
proposed F3 coefficient does not systematically appear in the optimal configuration for 
all types of score normalization techniques for male speakers, just for the case of 
applying ZNorm. However, F0 appears to be an important coefficient for male speakers 
in this scenario. In the case of female speakers, the use of F3 helps in the increase of 
recognition rates for almost all of the score normalization techniques, alone or 
combined with other extra parameters. 
Regarding the use of score normalisation techniques, it must be noted that any of those 
tested, provide an extra value in the reduction of error rates, but obviously they entail 
additional computational costs to the speaker recognition system. The fact that TNorm 
provides better results than the ZNorm or even ZTNorm for female speakers, in terms of 
reduction of error rates, suggests that the number of impostors selected (25) is not 
enough or even representative of the set of alternative speakers. Therefore the obtained 
performance is been penalised if compared with TNorm for which 625 recordings are 
used in the normalisation process, and seems to cover better the impostor space.  
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Finally, it must be noted that contrary to what might be expected, the used of specific 
MFCCs extracted from the vocal tract estimate, provides extra value in improving 
recognition rates in this text-independent scenario. 

5.2.3 Text-Independent Speaker Recognition in Mobile Environments 

In this section we are going to present the results and conclusions obtained on the 
competition on Speaker Recognition in Mobile Environments using the MOBIO 
database, which took place during the 6th IAPR International Conference on Biometrics 
(ICB-2013) [Khoury,2013], since the set of tests designed were aimed at the 
participation in this international evaluation. Nevertheless, we will also analyse the 
performance of the Baseline front-end versus the GDEB front-end. 

As previously presented, the evaluation plan splits the database into 3 different sets: the 
background training set used to learn the background parameters of the algorithm 
(UBM, subspaces, etc.) or for normalisation purposes, the development set supposed to 
be used to tune meta-parameters of the algorithm, and the evaluation set used to analyse 
the performance of recognition systems. In order to evaluate the performance of the 
systems like in previous scenarios, EER and HTER are used as quality measures (see 
Eq. (5-4) to Eq. (5-6)) in the development and evaluation set respectively. 
Based on these metrics we have run a battery of tests using the Baseline front-end in 
order to minimise the EER. However, as no cross-gender trials are going to be present, 
we can use again the Half Equal Error Rate metric, HEER: 

𝐻𝐸𝐸𝑅 =
𝐸𝐸𝑅𝑀(𝑀𝐹𝐶𝐶,𝐹,∆,∆∆,𝐺,𝛼) + 𝐸𝐸𝑅𝐹(𝑀𝐹𝐶𝐶,𝐹,∆,∆∆,𝐺,𝛼)

2  Eq. (5-9) 

In this case, we are not going to perform a deep search like in previous scenarios. 
Instead, we will make use of previous experience to limit the number of tests. Thus, 
MFCC={16,18,20,21,22,23,24,25,26,27,28}, as in previous scenarios we have 
confirmed that MFCC values lower than 16 do not usually provide any improvement; 
F={30,34,38,40,44,48,50}, for the same reason; ∆ and ∆∆ have been set to true and 
false respectively, as we have verified that in a text-independent context the use of ∆∆  
does not provide any additional benefit. In the case of the number of Gaussians used to 
build both the UBM and the speaker’s models, we have also used 1024 Gaussians (in 
addition to 512 and 256), as the amount of available training data is higher than in the 
previous scenarios. Finally the relevance factor has been increased to six values 
α={5,8,10,16,20,24}. 

We will present the results obtained using both the Baseline and the GDEB front-ends, 
when applied to the GMM-UBM approach. Neither the SV-GMM nor the i-vector 
approaches will be used on these tests mainly due to the limited amount of different 
speakers in the database.  

Regarding the score normalization techniques we have tested all that have been used in 
previous scenarios, i.e. ZNorm, TNorm, ZTNorm, and obviously the case in which no 
score normalization is applied. However, the analysis of the different types of score 
normalizations will be limited to the first stage, and will not be extended to the tests in 
which extended biometrics are used. We can proceed this way as in previous scenarios, 
we have found that the score normalization that obtains better performance when 
applied to a gender-dependent configuration extended with extra parameters (namely, E, 
∆E, F0, and F3), will continue to offer the most successful results when extended 
biometrics are incorporated. 
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Although obvious, the Baseline and the GDEB front-end present the same behaviour 
when we work with classical parameters. Thus we can go straight to the analysis of the 
gender-dependent configuration in terms of EERX, and simply reference the 
configuration which would provide the most successful results in terms of HEER, when 
a gender-independent configuration is used, so we can set a baseline for comparing 
results. We can proceed this way as from previous results it is clear that a gender-
dependent configuration always provides better or at least the same results than a 
gender-independent one. 
The first set of figures represents the results obtained in terms of EERX, based on each 
of the configuration parameters in Eq. (5-9), assuming that we are using the GDEB 
front-end, thus a gender-dependent configuration (labelled as GDC) but just including 
classical parameters into the feature vector. Like in the previous scenarios, the process 
followed consists in fixing a value for a specific parameter, and test for the rest of 
configurable parameters which configuration provides better results in terms of EER. 
First of all we highlight the influence of the number of MFCCs on the recognition rates 
depending on the gender of the speaker. Additionally, the influence of the score 
normalization algorithms has been analysed (light blue for ZTNorm, red for ZNorm, 
yellow for TNorm and purple for the case in which no score normalization is applied). 

 

 16 18 19 20 21 22 23 24 25 26 27 28 
ZT 

Norm 11,70% 11,19% 10,76% 10,68% 10,31% 10,27% 9,99% 10,36% 9,83% 10,00% 9,88% 9,70% 

Z 
Norm 13,48% 12,57% 11,86% 11,42% 11,42% 11,56% 10,86% 11,18% 10,77% 11,07% 11,07% 10,71% 

T 
Norm 12,13% 11,55% 11,37% 11,14% 10,72% 11,03% 10,88% 11,05% 10,83% 10,49% 10,87% 10,86% 

No  
Norm 13,24% 12,39% 11,57% 11,52% 11,40% 11,36% 11,05% 11,21% 10,65% 11,11% 11,12% 10,73% 

 

Figure 5-88 EERM obtained depending on the number of MFCCs (GDC – development 
set) and for different score normalization algorithms 
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 16 18 19 20 21 22 23 24 25 26 27 28 
ZT 

Norm 
14,02% 12,80% 12,48% 12,17% 11,90% 11,58% 11,81% 11,25% 11,59% 11,69% 11,85% 11,42% 

Z 
Norm 

13,90% 13,18% 12,96% 12,27% 12,23% 11,83% 11,69% 11,69% 11,80% 11,90% 12,06% 11,89% 

T 
Norm 

15,24% 13,60% 13,05% 12,22% 12,42% 12,01% 11,85% 11,66% 11,57% 11,74% 11,70% 11,63% 

No  
Norm 

13,69% 13,05% 12,73% 12,02% 12,03% 11,71% 11,86% 11,64% 11,67% 11,82% 11,69% 11,81% 
 

Figure 5-89 EERF obtained depending on the number of MFCCs (GDC – development 
set) and for different score normalization algorithms 

Figure 5-88 shows that in the case of male speakers, a minimum in terms of EERM is 
reached for the specific case of using 28 MFCCs when ZTNorm is applied. 
Additionally, regardless the score normalization algorithm applied, most successful 
results are obtained for MFCC values higher than 25. Regarding the score normalization 
algorithms, it is clear that the use of ZTNorm (light blue columns) systematically 
produces better recognition rates than any other tested normalization. In the case of 
female speakers, the configuration that provides the most successful results in terms of 
EERF is the one which uses ZTNorm for score normalization purposes and 24 MFCCs. 
In this case, the number of MFCCs seems to be quite stable regardless the score 
normalization algorithm applied. However, although the minimum is reached for the 
ZTNorm configuration, this score normalization is not always providing the most 
successful results (regarding the number of MFCCs), which indicates that the amount of 
available information for normalization purposes in the case of female speakers is not 
enough. Finally, it must be noted that as previously mentioned, feature vectors include 
both MFCCs and ∆, which actually means that in the case of male speakers the 
dimensionality of the feature vector, that will generate an accurate model is 56 (28 
MFCCs+ 28 ∆MFCCs), while in the case of female speakers is 48 (24MFCCs+ 24 
∆MFCCs).  
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 30 34 38 40 44 48 50 

ZTNorm 10,121% 10,202% 9,708% 9,845% 9,837% 10,276% 10,119% 
ZNorm 11,235% 11,193% 10,865% 10,710% 10,752% 11,193% 11,183% 
TNorm 10,889% 10,974% 10,499% 10,722% 11,240% 11,073% 11,383% 

No Norm 11,342% 11,122% 10,977% 10,736% 10,654% 11,406% 11,167% 
 

Figure 5-90 EERM obtained depending on the number of filters in the filter bank (GDC 
– development set) and for different score normalization algorithms 

 
 30 34 38 40 44 48 50 

ZTNorm 11,425% 11,256% 11,581% 11,376% 11,843% 11,480% 11,712% 
ZNorm 11,694% 11,748% 11,804% 11,693% 12,123% 11,799% 12,221% 
TNorm 11,634% 11,576% 11,741% 11,696% 12,162% 11,660% 12,018% 

No Norm 11,657% 11,646% 11,713% 11,701% 12,025% 11,698% 11,987% 
 

Figure 5-91 EERF obtained depending on the number of filters in the filter bank (GDC 
– development set) and for different score normalization algorithms 
If we consider the number of filters forming the filter bank used to evaluate MFCCs, 
differences arise again depending on the gender of the speakers. Specifically, Figure 
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5-90 shows that for male speakers a minimum, in terms of EERM, is reached in the case 
of using 38 filters in the filter bank, whereas in the case of female speakers the most 
successful results are obtained with a filter bank of 34 filters. 

 

 256 512 1024 
ZTNorm 10,115% 10,164% 9,708% 
ZNorm 11,153% 11,230% 10,710% 
TNorm 10,499% 11,346% 13,090% 

No Norm 11,260% 11,254% 10,654% 
 

Figure 5-92 EERM obtained depending on the number of Gaussians and the use of 
different score normalizations (GDC – development set)  

 

 256 512 1024 
ZTNorm 11,256% 11,376% 11,815% 
ZNorm 11,748% 11,693% 12,020% 
TNorm 11,576% 12,274% 14,304% 

No Norm 11,646% 11,698% 12,062% 
 

Figure 5-93 EERF obtained depending on the number of Gaussians and the use of 
different score normalizations (GDC – development set) 
Regarding the number of Gaussians used to build the UBM as well as the models of the 
target speakers, we found again some differences concerning gender. However, these 
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differences can be explained by the fact that the amount of data available for female 
speakers is less than for male speakers in the training set, thus leading to a need of less 
Gaussians to generate the UBM.  

After this brief analysis, we have verified that the setup providing most successful 
results in terms of EERX, and thus in terms of HEER, is different depending on the 
gender of the speaker under analysis. If we had used the Baseline front-end (thus a 
gender-independent configuration – GIC), the selected setup would have been different 
and what is more, it would have provided worse recognition rates in terms of HEER, 
and in terms of EERX. Table 5-28 provides a comparison between the recognition rates 
obtained by the system, when a GDC or a GIC is used (the best results obtained so far 
are highlighted in light green), and when different score normalizations are applied. 
Additional columns have been added (EERX RR), which provide the relative reduction 
obtained by GDC, in terms of EERX, respect to the corresponding GIC. The relative 
reduction in terms of HERR respect to GIC has been indicated in brackets in the HEER 
column. 

Additionally, Figure 5-94 and Figure 5-95 show the DET plots for both male and female 
speakers from both configurations GIC and GDC. It must be noted that, although having 
the same name, GDC is different depending on the gender (see Table 5-28). In the case 
of male speakers, see Figure 5-94, it is clear that except for the case of applying TNorm, 
the gender dependent configuration (dot line) provides more successful results than the 
gender independent configuration (solid line); not only in terms of EER, but for almost 
all the points of the DET curve. In the case of female speakers, as the difference 
between GIC and GDC in terms of EERF is quite small, differences between 
corresponding DET curves are also minimal and hardly noticeable. 
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Score 
Norm Parameters Gen. 

Classic 
Parameters  

set up 

EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

HEER 
[RR] 

ZTNorm         

 GIC 
MFCC+∆ M/F 

F=34, 
MFCC=24, 

G=256, 
α=20 

10.594% 
[1.556] - 11.256% 

[1.545] - 10.925% 
[-] 

 
GDC 

MFCC+∆ 

M 
F=38, 

MFCC=28, 
G=1024, 

α=24 9.708% 
[1.406] 8.36% 11.256% 

[1.545] 0.00% 10.482% 
[4.05%] 

 F 
F=34, 

MFCC=24, 
G=256, 
α=20 

ZNorm         

 GIC 
MFCC+∆ M/F 

F=30, 
MFCC=27, 

G=1024, 
α=24 

11.256% 
[1.663] - 12.062% 

[2.145] - 11.659% 
[-] 

 
GDC 

MFCC+∆ 

M 
F=40, 

MFCC=28, 
G=1024, 

α=24 10.710% 
[1.704] 4.85% 11.693% 

[2.168] 3.06% 11.202% 
[3.92%] 

 F 
F=40, 

MFCC=24, 
G=512, 
α=10 

TNorm         

 GIC 
MFCC+∆ M/F 

F=38, 
MFCC=26, 

G=256, 
α=10 

10.499% 
[1.014] - 11.741% 

[0.640] - 11.120% 
[-] 

 
GDC 

MFCC+∆ 

M 
F=38, 

MFCC=26, 
G=256, 
α=10 10.499% 

[1.014] 0.00% 11.576% 
[0.674] 1.40% 11.038% 

[0.74%] 
 F 

F=34, 
MFCC=25, 

G=256, 
α=10 

No Norm         

 GIC 
MFCC+∆ M/F 

F=30, 
MFCC=27, 

G=256, 
α=24 

11.567% 
[-0.007] - 11.693% 

[0.004] - 11.630% 
[-] 

 
GDC 

MFCC+∆ 

M 
F=44, 

MFCC=25, 
G=1024, 

α=24 10.654% 
[0.014] 7.89% 11.646% 

[0.011] 0.40% 11.150% 
[4.12%] 

 F 
F=34, 

MFCC=24, 
G=256, 
α=24 

Table 5-28 GDC vs. GIC for MOBIO development set (RR – Relative Reduction) 
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Figure 5-94 DET curve for classic parameters on MOBIO male development set for 
GIC and GDC 

 
Figure 5-95 DET curve for classic parameters on MOBIO female development set for 
GIC and GDC 
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In order to improve the recognition rates obtained using a gender-dependent setup, we 
introduced the extra parameters already tested in previous scenarios, namely Energy, 
∆Energy, Pitch (F0) and third formant estimate (F3). We run a set of tests in which each 
of these extra parameters were included in the feature vector defined by the GDC either 
alone or combined with the others. For each test all the score normalization techniques 
were applied, i.e. ZTNorm, ZNorm, TNorm and No Norm (which means that no score 
normalization technique was applied). From Figure 5-96 (male speakers) and Figure 
5-97 (female speakers) it is clear that not all the combinations of the extra parameters 
provide an improvement in terms of EERX. In these sets of graphs, the horizontal line 
represents the EER obtained for the gender dependent configuration for the selected 
score normalization; while each column represents a specific combination of extra 
parameters added to the GDC. 

  

  
Figure 5-96 EERM obtained for the tests which incorporate E, ∆E, F0 and F3 in the 
feature vectors 
In the case of female speakers, only two specific configurations outperformed the GDC 
MFCCs+∆, namely, GDC MFCCs+∆+F0 for the case of applying ZNorm, and GDC 
MFCCs+∆+F0+F3 for the case of not applying any score normalization technique. 
Moreover, this last configuration is the one providing the best results obtained so far on 
the development set for female speakers. In the case of male speakers, there are multiple 
configurations that using some combination of the proposed extra parameters provide a 
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clear improvement in terms of recognition rates, respect to the GDC MFCCs+∆. 
Specifically, the inclusion of ∆E+F0+F3, E+F0+F3, or E+∆E+F0+F3 provide an 
improvement no matter the score normalization technique applied. 
 

  

  
Figure 5-97 EERF obtained for the tests which incorporate E, ∆E, F0 and F3 in the 
feature vectors 

Table 5-29 reflects, the most relevant results for each score normalization technique, 
taking into account that for each setup, different configurations have been tested 
regarding the number of Gaussians and relevance factor values, keeping only the one 
providing the best result. Similarly, regarding the use of extra parameters, only the 
configuration providing the most successful result has been included in Table 5-29. It 
must be noted that in the case of female speakers and when ZTNorm or TNorm is 
applied, no improvement is obtained in terms of EERF, when the extra parameters are 
used.  
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Score 
Norm Parameters Gen. Extra 

Parameters  
EERM 

[θM] 
EERM 

RR 
EERF 

[θF] 
EERF 
RR 

ZTNorm        

 GIC 
MFCC+∆ M/F - 10.594% 

[1.556] - 11.256% 
[1.545] - 

 GDC 
MFCC+∆ 

M - 9.708% 
[1.406] 8.36% 11.256% 

[1.545] 0.00%  F - 
 GDC 

MFCC+∆ 
M ∆E+F0+F3 9.165% 

[1.597] 13.49% - -  F - 
ZNorm        

 GIC 
MFCC+∆ M/F - 11.256% 

[1.663] - 12.062% 
[2.145] - 

 GDC 
MFCC+∆ 

M - 10.710% 
[1.704] 4.85% 11.693% 

[2.168] 3.06%  F - 
 GDC 

MFCC+∆ 
M E+∆E+F0 10.238% 

[1.739] 9.04% 11.508% 
[2.164] 4.59%  F F0 

TNorm        

 GIC 
MFCC+∆ M/F - 10.499% 

[1.014] - 11.741% 
[0.640] - 

 GDC 
MFCC+∆ 

M - 10.499% 
[1.014] 0.00% 11.576% 

[0.674] 1.40%  F - 
 GDC 

MFCC+∆ 
M E+F0+F3 10.048% 

[1.043] 4.30% - -  F - 
No Norm        

 GIC 
MFCC+∆ M/F - 11.567% 

[-0.007] - 11.693% 
[0.004] - 

 GDC 
MFCC+∆ 

M - 10.654% 
[0.014] 7.89% 11.646% 

[0.011] 0.40%  F - 
 GDC 

MFCC+∆ 
M F0 10.547% 

[0.013] 8.82% 11.201% 
[0.016] 4.21%  F F0+F3 

Table 5-29 EER obtained for the tests which incorporate E, ∆E, F0 and F3 in the feature 
vectors (best results highlighted in green) 
As reflected in Table 5-29, it is possible for both male and female speaker to find a 
setup, using these extra parameters, that improves the recognition rates obtained by the 
GDC MFCCs+∆ configuration. Particularly, for male speakers, the use of ∆E, F0 and 
F3, generates a relative reduction of 13.5% in terms of EERM respect to GIC, therefore a 
relative reduction of 5.6% respect to GDC MFCCs+∆, in the case of applying ZTNorm. 
For female speakers, the inclusion of F0 and F3 extra parameters provides a relative 
reduction of 4.21% respect to GIC, and 3.82% respect to GDC MFCCs+∆, when no 
score normalization is applied.  

Anyway, from the results shown in Table 5-29, we can draw the following conclusions 
that confirm previous results on the presented scenarios. Specifically, the use of E+∆E 
is still not the best option despite being used in most of speaker recognition systems. 
Besides, we find again that F3 parameter, whose use is proposed in this thesis, keeps on 
being an interesting option in order to improve recognition rates, for both male and 
female speakers.  
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The next step, like in the previous scenario, consists in introducing what we have called 
extended-biometric parameters extracted by the GDEB front-end. The approach that has 
been followed, consists in incorporating, the set of parameters extracted from the glottal 
source estimate (labelled as GSE) into the most successful setup, i.e. GDC 
MFCCs+∆+∆E+F0+F3 in the case of male speakers and GDC MFCCs+∆+F0+F3 in the 
case of female speakers. Once a specific configuration improving previous results is 
found, we continue by incorporating parameters extracted from the vocal tract estimate 
(VTE). As previously noted, from this point on we are going to run the test using the 
score normalization that provides most successful results for each gender. Therefore, in 
the case of male speakers, we are going to apply ZTNorm, and in the case of female 
speakers, we are not going to apply any score normalization as the data available for 
normalization purposes seems to be not enough to improve recognition rates. 

Although multiple configurations have been tested, Table 5-30 (male) and Table 5-31 
(female) show the final configurations chosen for each gender, as well as the 
recognition rates obtained in each case in terms of EER (best highlighted in green). 
Additionally, the relative reduction in terms of EER, if compared to the GIC is also 
presented, provided that the comparison with GIC instead of GDC is based on the fact 
that GIC is considered the state-of-the-art to beat in the front-end subsystem. In 
brackets, in the EER column, it is also shown the resulting scoring threshold for the 
evaluation phase.  

Parameters GSE+VTE 
set up 

Extra  
Parameters 

EERM 

[θM] 
EERM 

RR 
GIC 

MFCC+∆ - - 10.594% 
[1.556] - 

GDC 
MFCC+∆ - - 9.708% 

[1.406] 8.36% 

GDC 
MFCC+∆ - ∆E+F0+F3 9.165% 

[1.597] 13.49% 

GSE 

Source-Tract Sep. Alg: 
Prediction Order: 24 

Forgetting Factor: 0.995 
GSE: 

7-Channel Filter bank /6MFCC 

∆E+F0+F3 8.332% 
[1.619] 21.35% 

GSE+VTE 

Source-Tract Sep. Alg: 
Prediction Order: 24 

Forgetting Factor: 0.995 
GSE: 

14-Channel Filter bank /8MFCC 
VTE: 

14-Channel Filter bank /2MFCC 

∆E+F0+F3 8.496% 
[1.506] 19.80% 

Table 5-30 EERM obtained on development set (ZTNorm), comparing classical 
parameters with extra parameters and extended biometric parameters 
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 Parameters GSE+VTE 
set up 

Extra  
Parameters 

EERF 

[θF] 
EERF 
RR 

GIC 
MFCC+∆ - - 11.693% 

[0.004] - 

GDC 
MFCC+∆ - - 11.646% 

[0.011] 0.40% 

GDC 
MFCC+∆ - F0+F3 11.201% 

[0.016] 4.21% 

GSE 

Source-Tract Sep. Alg: 
Prediction Order: 36 

Forgetting Factor: 0.995 
GSE: 

22-Channel Filter bank/4 MFCC 

F0+F3 10.643% 
[0.010] 8.98% 

GSE+VTE 

Source-Tract Sep. Alg: 
Prediction Order: 36 

Forgetting Factor: 0.995 
GSE: 

22-Channel Filter bank/4 MFCC 
VTE: 

25-Channel Filter bank/2 MFCC 

F0+F3 11.016% 
[0.023] 5.79% 

Table 5-31 EERF obtained on development set (No Norm), comparing classical 
parameters with extra parameters and extended biometric parameters 

The DET curves that represent the results obtained with each of the previously 
presented configurations (see Table 5-30 and Table 5-31) are depicted in Figure 5-98 
for male speakers and Figure 5-99 for female speakers. Clearly, the proposed gender-
dependent extended biometric parameterisation, in this case incorporating information 
just from the glottal source estimate in form of MFCCs, is the configuration that 
provides the most successful results in the development set for both male and female 
speakers. The different tests carried out including the VTE parameters are worse than 
the results obtained using GSE parameters, but still improve recognition rates of GIC, as 
expected. Specifically, for the male speakers, the use of GSE setup, thus a gender-
dependent configuration incorporating extended biometric features, provides a relative 
reduction of 21% in terms of EERM, respect to the gender-independent configuration. 
Whereas in the case of female speakers, the use of the GSE setup allows for a relative 
close to 9% in terms of EERF, respect to the gender-independent configuration. 
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Figure 5-98 DET curves comparing classical parameters and GDEB on MOBIO’s 
development set for male speakers and ZTNorm 

 
Figure 5-99 DET curves comparing classical parameters and GDEB on MOBIO’s 
development set for female speakers and No Norm 
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Like in previous scenarios, we have verified that the improvement derived from 
incorporating GSE information into the feature vector is systematically obtained and is 
not the result of an isolated and specific configuration. Figure 5-100 provides the 
minimum EERX (y-axis) obtained when GSE is incorporated into the feature vector in 
form of MFCCs for male speakers (light green). Different numbers of 
MFCCsG={4,6,8,10} have been tested, which have been computed applying a filter 
bank with different number of filters FG=[4...18] (x-axis). Each point in the x-axis 
represents the minimum EER obtained for a specific value of FG, regardless MFCCsG 
value. Figure 5-101 provides the same information for female speakers, although in this 
case, MFCCsG={2,4,6} and FG=[2...23]. These values have been selected based on 
previous experience. Clearly, the use of GSE systematically derives in an improvement 
of recognition rates regardless the gender of speakers, as deduced from the depicted 
results. 

 

Figure 5-100 Influence of GSE configuration on the EERM (development set) 

 

Figure 5-101 Influence of GSE configuration on the EERF (development set) 

The results obtained in terms of EER on the development set should be treated with 
caution, especially by the fact that, although higher than in HESPERIA and 
ALBAYZIN databases, the number of speakers in the training set (used for training the 
UBM and for score normalisation purposes) is quite limited. This can lead to an 
overtraining in development set, which we have previously seen in HESPERIA, 
especially if the UBM obtained is not representative of the speaker on the evaluation 
set, i.e. it is not a universal model. 
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Once we have established the configurations providing the best results, in terms of EER, 
on the development set, the next step, consists in checking the behaviour of the system 
on the evaluation set. Figure 5-32 shows the results obtained from the evaluation set 
using the different configurations previously specify in Table 5-30 and Table 5-31. 

Parameters EERM 

[θM] HTERM HTERM 
RR 

EERF 

[θF] 
HTERF HTERF 

RR 
GIC 

MFCC+∆ 
10.594% 
[1.556] 9.23% - 11.693% 

[0.004] 14.09% - 

GDC 
MFCC+∆ 

9.708% 
[1.406] 8.79% 4.73% 11.646% 

[0.011] 15.09% -7.14% 

GDC 
MFCC+∆+ExtParm. 

9.165% 
[1.597] 8.87% 3.84% 11.201% 

[0.016] 14.85% -5.38% 

GSE 8.332% 
[1.619] 8.38% 9.19% 10.643% 

[0.010] 13.10% 6.99% 

GSE+VTE 8.496% 
[1.506] 8.64% 6.35% 11.325% 

[1.441] 13.15% 6.62% 

Table 5-32 HTERX obtained for the selected configurations on evaluation set, applying 
ZTNorm – male – and No Norm – female. 

The results obtained clearly show that the fact of using a gender-dependent 
parameterisation which includes information from the glottal source and the vocal tract 
estimates, provides an improvement in recognition rates with respect to the gender-
independent characterisation of speakers, both on development an evaluation set. 
Although most successful results are obtained when only glottal source information is 
used. This improvement is especially significant in the case of male speakers, for whom 
we obtained a relative reduction of 9% in terms of HTER from an HTER=9.23% when 
the classical gender-independent characterisation is used down to HTER=8.38% when 
GSE setup is used. In the case of female speakers, this reduction is lower, close to 7%. 
Another aspect that must be noticed is the fact that the result obtained for GDC 
MFCCs+∆ and GDC MFCCs+∆ +ExtParam., do not provide an improvement in the 
evaluation in terms of HTER in the case of female speakers. This may be due, as 
previously cited, to an overtraining on development set.  
The DET curves that represent the results obtained in evaluation set, with each of the 
previously presented configurations are depicted in Figure 5-102 for male speakers and 
Figure 5-103 for female speakers.  
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Figure 5-102 Male DET curves on MOBIO evaluation set, applying ZTNorm 

 

Figure 5-103 Female DET curves on MOBIO evaluation set, without applying score 
normalization. 
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Finally, as the presented tests have been designed in the context of an international 
evaluation contest, where different speaker recognition systems are tested under the 
same conditions, it seems appropriate and necessary to compare the results obtained by 
our system with the results of other sites participating in the SRE. Table 5-33 
summarises the results obtained in the SRE by different systems in both development 
and evaluation sets [Khoury,2013]. It must be noted that although it is supposed that all 
systems work under the same conditions (defined in the SRE plan) this is not actually 
so. Specifically, systems marked with + are those using external/additional training 
data, allowing them to create, probably, more appropriate UBMs and have additional 
information for normalisation purposes. Moreover, systems marked with *, are actually 
fusions of multiple systems, thus requiring the application of adequate fusion techniques 
thereby increasing the complexity and the cost in terms of running time needed to 
generate recognition results, if compared with the simple but effective system proposed 
here. 

 FEMALE MALE 
System DEV-EER EVAL-HTER DEV-EER EVAL-HTER 

Alpineon* 7.982% 10.678% 5.040% 7.076% 
ATVS+ 16.836% 17.858% 14.881% 15.429% 
CPqD* 14.348% 15.987% 11.824% 10.214% 
CDTA 19.471% 22.640% 12.738% 19.404% 

GIAPSI1 10.643% 13.107% 8.332% 8.382% 
GIAPSI2 11.320% 12.590% 8.496% 8.631% 

EHU 17.937% 19.511% 11.310% 10.058% 
IDIAP 12.011% 14.269% 9.960% 10.032% 
L2F* 13.484% 22.140% 10.599% 11.129% 

L2F-EHU* 11.005% 17.266% 7.889% 8.191% 
Mines-Telecom+ 11.429% 11.633% 10.198% 9.109% 

Phonexia+ 8.364% 14.181% 9.601% 10.779% 
RUN+ 25.405% 23.112% 24.643% 22.524% 

Fusion LLR 3.556% 6.986% 2.897% 4.767% 
Table 5-33 EER % on the development (DEV) set and half total error rate (HTER %) 
on the evaluation (EVAL) set for the systems participating in 2013 SRE in Mobile 
Environments. 

Regarding the front-end used by the participating sites, it must be pointed out that all 
systems but the Alpineon system which uses 3 different cepstral-based features 
(MFCCs, LFCCs and PLPs), the all remainder systems use the same features, i.e. 
MFCCs in a gender-independent configuration. The only exception was our system 
(GIAPSI) which as presented over this section uses the GDEB front-end. The last row 
of Table 5-33 shows the results obtained in terms of EER and HTER of the fusion of all 
primary systems using linear logistic regression.  
As reflected in Table 5-33, after a post-processing subsequent to the delivery of results, 
we got a better parameter adjustment on the development set, which resulted also in a 
slight improvement on the evaluation set, in the case of male speakers. 

1  Original results. 
2  Results achieved after post-processing. 
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5.2.3.1 Brief Conclussions 

In the text-independent scenario on mobile environments designed using the MOBIO 
database, the use of a gender-dependent extended biometric parameterisation in which 
VTE and GSE information have been incorporated provides a clear improvement in 
terms of recognition rates respect to the use of the classic gender-independent approach. 
This improvement remains consistent over the development set and the evaluation set. 
However, the most successful results are achieved when just GSE parameters are 
included in the feature vectors. 

In order to improve recognition rates it is essential to use a gender-dependent 
parameterization. This result in the need to use different configurations in terms of the 
number of MFCCs as well as in the number of channels in the filter bank used to 
compute the MFCCs, for both male and female speakers. However, in this specific 
scenario, the number of optimal filters used in the filter bank to compute MFCCs is 
higher in the case of male speakers than in the case of female speakers. Likewise, the 
optimal number of MFCCs is higher for male speakers than for female speakers, though 
in both cases is located in the range of 24 to 28. 

In this scenario we have not test the effect of ∆∆ coefficients as in previous scenarios 
their use has not offered additional benefits in terms of EER. 

Regarding the use of extra parameters, it has been confirmed that some specific 
combination of them helps to increase recognition rates. These combinations usually 
include the F3 coefficient proposed in this thesis as a new parameter for speaker 
recognition. 

Concerning the evaluation it must be noted that, despite having developed a simple 
recognition system (based on the UBM-GMM paradigm), the fact of having obtained a 
better speaker characterisation based on gender-dependent extended biometric 
parameters, allows us to get very competitive results. Moreover, the only systems that 
improve our recognition rates are those that either performed a fusion of multiple 
systems or used additional data for training. Besides, according to the published results 
our system gets the best simple system performance on male speakers. However, results 
seem to be still far away for the best results that can be obtained fusing all the presented 
systems (male evaluation set HEER=6.986%, female evaluation set HEER=4.767%), 
providing still some room for improvement by using the presented gender-dependent 
extended biometric front-end but incorporating additional external data for training and 
normalisation purposes, aspect which is essential to also apply more complex classifiers 
such as GSV or i-vectors.  

5.2.4 NIST SRE Evaluations 

Due to the special characteristics of this experiment, especially regarding the number of 
different speakers, the number of available recordings per speakers, and the number of 
trials to be tested, we have followed a slightly different approach.  
As previously presented, we have to deal with three different sets: the background 
training set used to learn the background parameters of the algorithm (UBM, subspaces, 
etc.) or for normalisation purposes, the development set supposed to be used to tune 
meta-parameters of the algorithm, and the evaluation set used to analyse the 
performance of recognition systems. In order to evaluate the performance of the systems 
like in previous scenarios, EER is used as a quality measure in the development and 
evaluation set respectively, as no decision needs to be made on the evaluation set. 
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Therefore, DET curves, where the FRR is plotted against the FAR are going to play a 
key role to evaluate the calibration of the verification system. 
Similarly to the previously presented scenarios, no cross-gender trials are going to be 
performed, therefore, the HEER metric can be used again. Obviously, when using a 
gender-independent parameterisation, it is necessary to reach a compromise between 
both EER in order to minimise HEER. However, when using a gender-dependent 
parameterisation, this compromise disappears and the objective is to minimise EERM 
and EERF independently. 

𝐻𝐸𝐸𝑅 =
𝐸𝐸𝑅𝑀(𝑐𝑜𝑛𝑓_𝑚𝑎𝑙𝑒) + 𝐸𝐸𝑅𝐹(𝑐𝑜𝑛𝑓_𝑓𝑒𝑚𝑎𝑙𝑒)

2  Eq. (5-10) 

It must be noted that the configurable parameters present in Eq. (5-9), have been 
deliberately removed in Eq. (5-10), and substituted by a generic configuration. This 
change is based on the impossibility of carrying out a deep search for the best 
configuration as it was done in previous scenarios, given the amount of data to be 
handled in this specific case. Therefore, we are going to proceed by selecting some 
specific configurations that are the state-of-the-art both in speaker recognition and NIST 
SREs. Additionally, the availability of a huge amount of data with a high variability in 
terms of speakers and channels of transmission, allows us to test different classification 
methods, namely GMM-UBM, SV-GMM, and i-vector approaches, but on a limited 
number of configurations. 
Regarding score normalisation techniques, we have focused our efforts in two specific 
score normalisation techniques depending on the classification method used. 
Specifically, we have combined the use of the GMM-UBM approach with the ZTNorm. 
In previous scenarios, we have verified that its use in text-independent environments, in 
which enough amount of normalisation data is available, offers greater advantages 
respect to the other score normalisation algorithms. In the case of the i-vector approach, 
we have combined it with Symmetric Normalisation (SNorm – see section 1.5.3), as it 
usually provides the most successful results for this kind of classification method. In the 
case of using the SV-GMM classification method, we have tested both the SNorm 
approach and the SNorm combined with ZTNorm. 
The first set of tests carried out in this scenario was directed to determine which of the 
classification methods offers better performance. To this end, we proposed a test using 
the Baseline front-end, thus applying a gender-independent configuration, with a typical 
configuration (as reported in multiple research papers) regarding number of MFCCs, 
and number of filters in the filter bank. In this case, the selected configuration was: 
MFCC={19}, F={40}, ∆={true} and ∆∆={false}. It must be noted that ∆∆ has been 
deliberately set to false, even though most speaker recognition systems use this 
parameters. We have already seen, and it will be also shown later, that these parameters 
are not especially helpful for speaker recognition purposes in a text-independent 
scenario. 

Regarding the configuration of the three tested classifiers, we have used typical 
parameters reported in the state-of-the-art. Specifically, for the GMM-UBM approach, 
1024 Gaussians have been used to build both the UBM and the speaker’s models, 
whereas as relevance factor different values have been tested, α={8,12,16,20}, selecting 
the one providing better recognition rates. In the case of the SV-GMM, the same 
configuration described for the GMM-UBM approach has been used. Additionally, 
although applying a gender-independent approach, gender dependent total subspaces, of 

 351 



APPLICATION TO SPEAKER RECOGNITION 

400 dimension, were generated after applying LDA to an 800 (rank of PCA matrix) 
dimension space calculated via classical eigenanalysis (PCA) from background data. 
Three different total spaces were considered, namely Tel (telephone only), Mic (phone-
mic and interview-mic), and Tel-Mic, where phone-mic and interview-mic were 
included besides telephone data. WCCN has also been applied for inter-session 
variability compensation. Finally, for the i-vector approach, the same configuration 
described for the SV-GMM approach is valid, taken into account that the classical 
eigenanalysis is replaced by the total variability analysis (T-matrix). 
The following plots show the performance in terms of EERX, for each of the classifiers 
under the different conditions previously defined. The most successful results for each 
gender and each condition are highlighted in green.  

 

 cond-1 cond-2 cond-3 cond-4 cond-5 cond-6 cond-7 cond-8 cond-9 
GMM-UBM 7.988% 11.580% 12.028% 11.138% 9.473% 13.484% 13.409% 5.305% 5.508% 

SV-GMM 0.432% 1.924% 2.745% 1.323% 1.987% 6.685% 6.303% 1.536% 1.757% 

i-vectors 0.855% 2.771% 2.680% 2.049% 2.508% 7.387% 7.321% 1.636% 2.324% 
 

Figure 5-104 EERM  obtained depending on the classifier - NIST SRE 2010, Cond-1 to 
Cond-9 

 

 cond-1 cond-2 cond-3 cond-4 cond-5 cond-6 cond-7 cond-8 cond-9 

GMM-UBM 11.435% 16.594% 13.132% 14.434% 12.205% 20.765% 24.770% 7.820% 3.733% 

SV-GMM 0.944% 3.928% 3.826% 1.967% 3.670% 8.183% 13.408% 2.780% 2.290% 

i-vectors 1.108% 3.911% 3.596% 3.387% 2.894% 8.382% 16.472% 3.349% 2.333% 
 

Figure 5-105 EERF  obtained depending on the classifier - NIST SRE 2010, Cond-1 to 
Cond-9 
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The results obtained by the GMM-UBM classifier are clearly worse that the other two 
evaluated classifiers as depicted in Figure 5-104 and Figure 5-105. 
In order to carry out a straight comparison of the two remaining classification methods, 
we have defined and additional metric, Average Condition Error Rate, ACER: 

𝐴𝐶𝐸𝑅 =
∑ 𝐸𝐸𝑅𝑐𝑜𝑛𝑑𝑐𝑜𝑛𝑑

#𝑐𝑜𝑛𝑑  Eq. (5-11) 

Which may be defined as the average of the EER obtained for the different conditions 
reflected in which the development set is divided. Obviously this is not the most 
accurate metric that can be defined to measure the actual behaviour of the system, as the 
number of trials on each condition is neglected. However, minimizing EER, which is 
the primary objective, will contribute to minimise also ACER. So we can assume that 
the system achieving lower ACER will show better overall performance. Table 5-34 
gives the ACER values obtained based on the values reflected in the tables contained in 
¡Error! No se encuentra el origen de la referencia. to Figure 5-105. 

Genre MALE FEMALE 

Classifier ACER   
[RR] 

ACER 
[RR] 

GMM-UBM 9.990% 
[-] 

13.876% 
[-] 

SV-GMM 2.744% 
[72.54%%] 

4.555% 
[67.17%] 

i-vectors 3.281% 
[67.16] 

5.048% 
[63.62%] 

Table 5-34 Results obtained in terms of ACER by the different classification methods 
for each gender 
There are some conclusions that can be drawn both from the results obtained and 
reflected in Figure 5-104, Figure 5-105 and, Table 5-34, and from the process itself. 
Regarding the results, it must be noted that for most of the conditions in which the 
development set has been divided, no matter whether we are facing male or female 
trials, the SV-GMM approach usually shows better performance, providing lower 
values for EER. Additionally as reflected in Table 5-34, SV-GMM is the classifier 
providing lower ACER among the three classifiers analysed. Specifically, in the case of 
male speakers, SV-GMM provides a relative reduction in terms of ACER up to 72.5% 
with respect to the GMM-UBM approach and more than 16% with respect to the i-
vector approach; while in the case of female speakers, this relative reduction is closed to 
67% with respect to the GMM-UBM system and close to 10% with respect to the i-
vector based system. 
Regarding the process itself, without going into a detailed analysis, we have to discuss 
processing times affecting the performance of the system. In the case of applying the 
GMM-UBM approach, we find a bottleneck in the scoring stage. Since dimensionality 
reduction is applied neither to the speaker`s models nor to the test files, time devoted to 
scoring and normalization may be unaffordable and extremely high if compared with 
the other two approaches. Specifically, if the GMM-UBM approach is used in female 
condition 2, which presents the higher number of trials to be processed, the time spent 
on evaluating all the trials can reach 420 hours; while the same process using the same 
normalization data in the SV-GMM approach is completed in less than 20 minutes. In 
the case of the i-vector approach, the bottleneck may be found in the computation of the 
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total variability matrix, T. For instance, assuming the use of the same training data in 
the same computer, while the computation of the 800-rank PCA-matrix for the female 
Tel-Mic space may take no more than 20 minutes, the computation of the equivalent T 
matrix may last more than 72 hours (4320 minutes). Obviously, the computation of 
these matrices is performed once and off-line after the set of features is fixed. So 
regardless this point, both i-vector and SV-GMM approaches will show similar 
processing times.  

Anyway, in this case not only the SV-GMM approach provides the most successful 
results, but also it is the fastest method providing scores, therefore making it more 
suitable for rapid prototyping. For this reason, in what follows, all the presented results 
are those obtained following the SV-GMM approach, exception made of the analysis on 
the use of ∆∆ coefficients, which includes both the SV-GMM and the i-vector 
approaches. 

As discussed above, in the previous tests we ruled out the use of the ∆∆ coefficients, 
since in the set of experiments run on HESPERIA, ALBAYZIN and MOBIO datasets 
their use did not provide any improvement in terms of recognition rates. However, since 
in the case of NIST-based experiments we face a quite different situation both in quality 
and quantity of information, and the use of ∆∆ coefficients is spread among the 
evaluation participants, it seems necessary to evaluate their usefulness.  

To this end, we proposed a test using the Baseline front-end, thus applying a gender-
independent configuration, with a typical configuration regarding the number of 
MFCCs, and the number of filters in the filter bank. In this case, the selected 
configuration was: MFCC={19}, F={40}, ∆={true} and ∆∆={true}; which will be used 
as the input to the SV-GMM and the i-vector classifiers previously described. The 
results obtained using this set of features is going to be compared with the ones obtained 
when no ∆∆ coefficients are used.  
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Figure 5-106 DET curves for male speakers under different conditions comparing the use ∆∆ coefficients 
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Figure 5-107 DET curves for female speakers under different conditions comparing the use ∆∆ coefficients 
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Figure 5-106 (male speakers) and Figure 5-107 (female speakers) provide the DET 
curves corresponding to the different conditions that have been previously defined. 
Specifically, from left to right and from top to bottom DET curves represent the 
conditions 1 to 9. Solid line curves represent the results obtained by the systems when 
no ∆∆ coefficients are used, while dash line curves provide the recognition rates 
obtained when ∆∆ coefficients are included in the feature vectors. Additionally, blue 
lines refer to the system based on the i-vector approach, while red lines represent the 
results obtained when the SV-GMM classifier is used. From this set of features it is 
clear that the use of ∆∆ coefficients do not provide any benefit either for male or for 
female speakers in any of the conditions in which the development set have been 
divided, but for the condition 7 in the case of female speakers. Obviously, this result 
does not justify the incorporation of the ∆∆ coefficients into the feature vectors. 

Once we have ruled out the use of ∆∆ coefficients, as we previously did in all the 
previously presented scenario, the next step consist in analyzing the effect of the 
different number of channels in the filter bank used to compute MFCCs as well as the 
number of MFCCs that will constitute the feature vectors. However, due to the amount 
of information that needs to be processed in each test, we have limited the values under 
evaluation, i.e. F and MFCC, even more than in the case of the scenario defined with 
the MOBIO database. And what is more, we are going to reuse the best configuration 
selected for the MOBIO scenario, in the current scenario, as some conditions exhibit 
certain similarities between both.  
Therefore, in this case we will analyse the effect of using different number of filters in 
the filter bank, F= {30, 40, 50}, keeping fixed the number of MFFC=19. Additionally, 
we will test the settings providing best results in terms of EER on the MOBIO SRE. 
That is to say, {F=34, MFCC=24} for female speakers and {F=38, MFCC=28} for male 
speakers. It seems necessary to remind that this set of tests was carried out exclusively 
with the SV-GMM based recognition system. 
After this limited analysis regarding the number of filters in the filter bank and the 
number of MFCCs, there are some conclusions that can be extracted. First of all, we can 
assert, as previously did with the experiments carried out on HESPERIA, ALBAYZIN 
and MOBIO databases, that a gender dependent parameterization provides better 
recognition rates in terms of EER than a gender independent parameterization. This is 
clear from the point of view of the value obtained for the ACER quality measure, since 
the most successful result for male speakers (ACER=2.539%) is obtained when F=30 
and MFCC=19; whereas for female speakers, the best result in terms of ACER (3.966%) 
is obtained for the configuration in which F=50 and MFCC=19. 
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Figure 5-108 EERM and ACER obtained depending on the Baseline front-end setup 
NIST SRE 2010 

 
F=30 

MFCC=19 
F=40 

MFCC=19 
F=50 

MFCC=19 
F=38 

MFCC=28 

SV-GMM SNorm S+ZT 
Norm SNorm S+ZT 

Norm SNorm S+ZT 
Norm SNorm S+ZT 

Norm 

Cond 1 0.299% 0.618% 0.432% 1.023% 0.433% 0.722% 0.400% 1.387% 
Cond 2 1.793% 2.331% 1.924% 2.643% 1.734% 2.387% 2.343% 3.222% 
Cond 3 2.062% 2.450% 2.745% 3.225% 2.145% 2.306% 2.830% 2.991% 
Cond 4 1.419% 1.811% 1.323% 1.774% 1.316% 1.724% 1.940% 2.538% 
Cond 5 2.079% 3.192% 1.987% 3.083% 2.002% 2.046% 2.843% 3.319% 
Cond 6 6.150% 6.154% 6.685% 8.249% 6.178% 7.277% 8.467% 8.385% 
Cond 7 5.585% 5.546% 6.656% 6.731% 7.041% 7.303% 7.837% 7.864% 
Cond 8 1.695% 2.538% 1.536% 1.672% 1.509% 1.595% 1.495% 1.668% 
Cond 9 1.771% 2.567% 1.757% 2.376% 1.030% 1.818% 1.682% 1.598% 

Acer 2.539% 3.023% 2.783% 3.419% 2.599% 3.020% 3.315% 3.664% 
Table 5-35 EERM and ACER obtained depending on the Baseline front-end setup NIST 
SRE 2010 (best results are highlighted in green) 
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Figure 5-109 EERF and ACER obtained depending on the Baseline front-end setup 
NIST SRE 2010 

 
F=30 

MFCC=19 
F=40 

MFCC=19 
F=50 

MFCC=19 
F=38 

MFCC=28 

SV-GMM SNorm S+ZT 
Norm SNorm S+ZT 

Norm SNorm S+ZT 
Norm SNorm S+ZT 

Norm 

Cond 1 0.626% 1.113% 0.948% 0.994% 0.712% 0.787% 1.189% 0.953% 
Cond 2 3.628% 3.552% 4.055% 4.018% 3.798% 3.494% 4.493% 3.812% 
Cond 3 4.269% 4.365% 3.801% 4.190% 4.079% 4.084% 4.056% 4.104% 
Cond 4 1.736% 1.718% 1.822% 2.215% 1.700% 1.773% 2.325% 2.458% 
Cond 5 3.313% 3.943% 3.341% 4.030% 2.840% 2.994% 3.009% 3.661% 
Cond 6 9.255% 9.638% 8.383% 9.278% 8.705% 8.663% 9.031% 10.116% 
Cond 7 11.790% 12.163% 11.121% 11.170% 10.491% 11.061% 12.690% 12.736% 
Cond 8 2.801% 3.389% 3.282% 2.777% 2.215% 2.218% 2.255% 2.235% 
Cond 9 2.411% 2.320% 1.741% 1.741% 1.153% 1.750% 2.906% 2.851% 

Acer 4.425% 4.689% 4.277% 4.490% 3.966% 4.092% 4.662% 4.770% 
Table 5-36 EERF and ACER obtained depending on the Baseline front-end setup NIST 
SRE 2010 (best results are highlighted in green) 

Another aspect deserving consideration is an effect that we have already faced in the 
two scenarios defined for the HESPERIA database. Particuarly, when we face different 
recording conditions, the configuration providing the most successful results is different 
in terms of filters in filter bank and number of MFCCs for each recording condition. 
This fact can be verified on Table 5-35 and Table 5-36, in which, regardless the 
speaker’s gender, the better results in terms of EER for different conditions are obtained 
for different configurations. This is justified by the variability between the recordings 
belonging to different conditions, regarding type of transmission channel, type of 
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microphone, presence of noise and emotional state of speakers. In other words, for male 
speakers and conditions 1, 3, 6 and 7 the configuration providing better results is 
{F=30, MFCC=19}; for conditions 2, 4, 5 and 9 the preferred configuration is {F=50, 
MFCC=19}; and for condition 8 {F=38, MFCC=28} provides the most successful 
results. The same analysis can be performed for female speakers.  But in this case, the 
configuration providing the most successful results for almost all conditions is {F=50, 
MFCC=19}. Base on these results we can also conclude that the use of ACER as quality 
measure, somewhat hides these singularities. 
Simultaneously, we have evaluated the use of two types of score normalization 
techniques, namely SNorm and the combination of SNorm and ZTNorm. In this sense 
we can conclude that the use of ZTNorm in the case of male speakers do not provide an 
additional benefit either in terms of ACER or in terms of EER for all conditions, but for 
Cond 7.  In the case of female speakers, applying ZTNorm combined with SNorm 
generates better results in terms of EER for condition 2, while for the remaining 
conditions better results are obtained when ZTNorm is not applied. Moreover, in terms 
of ACER, better results are obtained when SNorm is applied alone for all the defined 
configurations. 

Finally, it must be noted that the configuration selected from the scenario defined for 
the MOBIO database does not improve the results obtained by the other tested 
configurations for any condition, but for condition 8 on male speakers. Therefore these 
results confirm the trend that we have seen in the different scenarios addressed so far.  
That is to say, the set of parameters selected for a specific scenario using a particular 
database is not straightforwardly transferable to another scenario using either the same 
or another database. 
The next step, like in previous scenarios, consist in checking the usefulness of the extra 
parameters, namely E, ∆E, F0 and F3,  that have been successfully used before. To this 
end we select, for each gender the configuration that provides the most successful 
results in terms of ACER. Therefore, we are following a gender dependent approach. 
For male speakers, we have reduced the set of tests so ZTNorm has not been used in 
combination with SNorm, since as previously concluded, its use did not provide any 
benefit. Specifically, we run a set of tests in which each of these extra parameters were 
included in the feature vector defined by the GDC {F=30, MFCC=19} either alone or 
combined with the others.  
Figure 5-110 reflects the results obtained for each combination in terms of ACER, 
where horizontal lines represent the ACER obtained by the configurations shown in 
Table 5-35. In this case, it is clear that the inclusion of the extra parameters provides an 
additional improvement in terms of ACER, with respect to the case in which no extra 
parameters are used for multiple configurations. However, there is a winner 
configuration that provides a significant improvement, specifically the use of F0 and F3 
allows for a relative reduction of 8.4% in terms of ACER (from ACERGDC=2.539% to 
ACERGDC+F0+F3=2.326%). As stated above the use of ACER as quality measure 
somehow masks the results, in terms of EER, obtained for the different conditions in 
which the development set is divided. To shed light on this fact, Figure 5-111 provides 
the results in terms of EER obtained by both configurations, namely GDC (light blue) 
and GDC+F0+F3 (dark blue), for each of the tested conditions. From the results 
provided in Table 5-37, it is clear that the inclusion of the F0 and F3 extra parameters in 
the feature vectors systematically helps in the reduction of EER, except for Cond 5. 
 

 362 



APPLICATION TO SPEAKER RECOGNITION 

 
Figure 5-110 ACER obtained for GDC when extra parameters are incorporated into the 
feature vector and SNorm is applied for male speakers 

 
Figure 5-111 EERM comparison for the different conditions in which development set is 
divided 

SV-GMM GDC GDC+F0+F3 Relative Reduction 

Cond 1 0.299% 0.290% 2.97% 
Cond 2 1.793% 1.741% 2.93% 
Cond 3 2.062% 1.901% 7.81% 
Cond 4 1.419% 1.349% 4.94% 
Cond 5 2.079% 2.537% -22.05% 
Cond 6 6.150% 6.139% 0.19% 
Cond 7 5.585% 5.060% 9.41% 
Cond 8 1.695% 1.061% 37.39% 
Cond 9 1.771% 0.853% 51.85% 

Acer 2.539% 2.326% 8.42% 
Table 5-37 EERM comparison for the different conditions in which development set is 
divided 
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In the case of female speakers, Figure 5-112 (SNorm) and Figure 5-113 (SNorm + 
ZTNorm) provide the results obtained for each combination in terms of ACER, where 
horizontal lines represent the ACER obtained by the configurations shown in Table 
5-36. In this case, it is clear that the inclusion of the extra parameters does not 
systematically provide an additional improvement in terms of ACER, with respect to the 
case in which no extra parameters are used. However, there is still a configuration that 
provides a slight improvement, specifically the use of E, F0 and F3 allows for a relative 
reduction up to 6% in terms of ACER (from ACERGDC=4.092% to 
ACERGDC+E+F0+F3=3.840%) when ZTNorm and SNorm are combined.  It must be noted 
as well, that this configuration also provides a relative reduction close to 2%  in terms of 
ACER, (from ACERGDC=3.966% to ACERGDC+E+F0+F3=3.889%) when just SNorm is 
used. 

 
Figure 5-112 ACER obtained for GDC when extra parameters are incorporated into the 
feature vector and SNorm is applied for female speakers 

 
Figure 5-113 ACER obtained for GDC when extra parameters are incorporated into the 
feature vector and SNorm is combined with ZTNorm for female speakers 
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 SNorm 
SNorm  

+  
ZTNorm 

SV-GMM GDC GDC+E+F0+F3 Relative 
Reduction GDC GDC+E+F0+F3 Relative 

Reduction 

Cond 1 0.712% 0.855% -20.04% 0.787% 1.165% -47.96% 
Cond 2 3.798% 3.740% 1.54% 3.494% 3.422% 2.06% 
Cond 3 4.079% 3.676% 9.89% 4.084% 3.770% 7.69% 
Cond 4 1.700% 1.974% -16.07% 1.773% 1.697% 4.31% 
Cond 5 2.840% 2.652% 6.61% 2.994% 2.843% 5.02% 
Cond 6 8.705% 7.928% 8.93% 8.663% 7.635% 11.86% 
Cond 7 10.491% 10.350% 1.35% 11.061% 10.042% 9.21% 
Cond 8 2.215% 2.125% 4.04% 2.218% 2.258% -1.82% 
Cond 9 1.153% 1.705% -47.90% 1.750% 1.726% 1.38% 

Acer 3.966% 3.889% 1.93% 4.092% 3.840% 6.15% 
Table 5-38 EERF comparison for the different conditions in which development set is 
divided 
Table 5-38 provides the individual results obtained in terms of EER for all the 
conditions in which the development set is divided. Different columns are provided for 
the different score normalization techniques applied, namely, SNorm and SNorm 
combined with ZTNorm. The most successful results are highlighted in green for each 
condition and for each score normalization technique. In the case of applying SNorm, 6 
conditions out of 9 show a reduction in terms of EER when selected extra parameters 
are used, whereas in the case of combining ZTNorm and SNorm, 7 out of 9 show an 
improvement in terms of EER when E+F0+F3 parameters are used. The fact that for 
female speakers, the use of ZTNorm combined with SNorm provides better results can 
be explained by the fact that the amount of data available for normalization purposes is 
higher for female speakers than for male speakers, therefore covering the impostor’s 
space more precisely. However this improvement is quite small. 
To conclude this set of tests, it is worth noting, despite the limited amount of tests that 
we have run on the development data, that once again a gender dependent approach 
provides better recognition rates than a gender independent one in order to precisely 
characterise speakers. Additionally, we have found again that the use of the proposed 
extra parameters as a complement to classical parameters also helps to increase 
recognition rates. Particularly, the use of Pitch (F0) and 3rd formant estimation (F3) 
helps in the reduction of EER, both for male and female speakers, in most of the tested 
conditions. Additionally, we see again how the use of E and ∆E combined, widely used 
in speaker recognition systems, is not the best option either for male or for female 
speakers. 

The next step, like in the previous scenario, consists in introducing what we have called 
extended-biometric parameters extracted by the GDEB front-end. The approach that has 
been followed, consists in incorporating the set of parameters extracted from the glottal 
source estimate (labelled as GSE) into the most successful setup, i.e. GDC 
MFCCs+∆+F0+F3 in the case of male speakers and GDC MFCCs+∆+E+F0+F3 for 
female speakers. Where GDC={F=30, MFCC=19} for male speakers and GDC={F=50, 
MFCC=19} for female speakers. The use of parameters extracted from the vocal tract 
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estimate has been ruled out as their use has not provided additional improvements 
respect to the use of GSE parameters in previous scenarios.  
It is worth noting the ambition of this set of tests. Ambitious, in the sense that the main 
goal is the reduction of the quality measure ACER, implying that somehow we are 
pursuing the simultaneous reduction of EER for all conditions in which development is 
divided. In previous experiments we have seen that the selected configuration, for GSE 
parameters, providing better results in terms of EER is different deepening on the type 
of recordings under analysis. Thus the search for a generic configuration for GSE 
parameters providing an improvement in terms of ACER and therefore in terms of EER, 
may be seen as a chimera. However, even in a scenario with such variability, the use of 
parameters extracted from the glottal source estimate allows for a more accurate 
characterization of speakers and therefore an improvement in the recognition rates can 
be obtained. 

Although multiple configurations have been tested, Table 5-39  for male speakers and, 
Table 5-40 (SNorm) and Table 5-41 (SNorm+ZTNorm) for female speakers, show the 
final configurations chosen for each gender, as well as the recognition rates obtained in 
each case in terms of EER (best highlighted in green) and ACER. Additionally, the 
relative reduction (RR) in terms of EER, if compared to the GIC, is also presented in 
brackets for each configuration, provided that the comparison with GIC instead of GDC 
is based on the fact that GIC is considered the state-of-the-art to beat in the front-end 
subsystem.  
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MALE SNorm 

SV-GMM GIC GDC 
[RR] 

GDC+F0+F3 
[RR] 

GSE 
[RR] 

CONFIG F=40 
MFCC=19 

F=30 
MFCC=19 

F=30 
MFCC=19 

F=30 
MFCC=19 

Source-Tract Sep. Alg: 
Prediction Order: 32 

Forgetting Factor: 0.995 
GSE: 

32-Channel Filter bank 
6 MFCC 

Cond 1 0.432% 0.299% 
[30.67%] 

0.290% 
[32.73%] 

0.298% 
[31.08%] 

Cond 2 1.924% 1.793% 
[6.81%] 

1.741% 
[9.55%] 

1.662% 
[13.61%] 

Cond 3 2.745% 2.062% 
[24.87%] 

1.901% 
[30.73%] 

2.270% 
[17.31%] 

Cond 4 1.323% 1.419% 
[-7.23%] 

1.349% 
[-1.93%] 

1.094% 
[17.36%] 

Cond 5 1.987% 2.079% 
[-4.59%] 

2.537% 
[-27.65%] 

2.242% 
[-12.82%] 

Cond 6 6.685% 6.150% 
[7.99%] 

6.139% 
[8.17%] 

5.593% 
[16.34%] 

Cond 7 6.656% 5.585% 
[16.09%] 

5.060% 
[23.99%] 

6.002% 
[9.84%] 

Cond 8 1.536% 1.695% 
[-10.36%] 

1.061% 
[30.91%] 

0.852% 
[44.52%] 

Cond 9 1.757% 1.771% 
[-0.80%] 

0.853% 
[51.46%] 

0.848% 
[51.73%] 

Acer 2.783% 2.539% 
[8.75%] 

2.326% 
[16.43%] 

2.318% 
[16.71%] 

Table 5-39 EERM obtained on the development set (SNorm), comparing classical 
parameters with extra parameters and extended biometric parameters 
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FEMALE SNorm 

SV-GMM GIC GDC 
[RR] 

GDC+E+F0+F3 
[RR] 

GSE 
[RR] 

CONFIG F=40 
MFCC=19 

F=50 
MFCC=19 

F=50 
MFCC=19 

F=50 
MFCC=19 

Source-Tract Sep. Alg: 
Prediction Order: 29 

Forgetting Factor: 0.995 
GSE: 

36-Channel Filter bank 
4 MFCC 

Cond 1 0,948% 0,712% 
[24.92%] 

0,855% 
[9.87%] 

0,727% 
[23.30%] 

Cond 2 4,055% 3,798% 
[6.34%] 

3,740% 
[7.77%] 

3,599% 
[11.25%] 

Cond 3 3,801% 4,079% 
[-7.31%] 

3,676% 
[3.31%] 

3,307% 
[13.01%] 

Cond 4 1,822% 1,700% 
[6.67%] 

1,974% 
[-8.34%] 

1,794% 
[1.55%] 

Cond 5 3,341% 2,840% 
[14.99%] 

2,652% 
[20.62%] 

2,662% 
[20.33%] 

Cond 6 8,383% 8,705% 
[-3.84%] 

7,928% 
[5.43%] 

7,635% 
[8.92%] 

Cond 7 11,121% 10,491% 
[5.66%] 

10,350% 
[6.93%] 

10,261% 
[7.73%] 

Cond 8 3,282% 2,215% 
[32.51%] 

2,125% 
[35.24%] 

2,131% 
[35.06%] 

Cond 9 1,741% 1,153% 
[33.80%] 

1,705% 
[2.08%] 

1,165% 
[33.10%] 

Acer 4,277% 3,966% 
[7.28%] 

3,889% 
[9.07%] 

3,698% 
[13.54%] 

Table 5-40 EERF obtained on the development set (SNorm), comparing classical 
parameters with extra parameters and extended biometric parameters 
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FEMALE SNorm + ZTNorm 

SV-GMM GIC GDC 
[RR] 

GDC+E+F0+F3 
[RR] 

GSE 
[RR] 

CONFIG F=40 
MFCC=19 

F=50 
MFCC=19 

F=50 
MFCC=19 

F=50 
MFCC=19 

Source-Tract Sep. Alg: 
Prediction Order: 29 

Forgetting Factor: 0.995 
GSE: 

17-Channel Filter bank 
2 MFCC 

Cond 1 0,994% 0,787% 
[20.83%] 

1,165% 
[-17.13%] 

1,044% 
[-4.94%] 

Cond 2 4,018% 3,494% 
[13.03%] 

3,422% 
[14.82%] 

3,255% 
[18.99%] 

Cond 3 4,190% 4,084% 
[2.53%] 

3,770% 
[10.02%] 

3,406% 
[18.71%] 

Cond 4 2,215% 1,773% 
[19.92%] 

1,697% 
[23.37%] 

2,060% 
[6.96%] 

Cond 5 4,030% 2,994% 
[25.72%] 

2,843% 
[29.45%] 

3,116% 
[22.69%] 

Cond 6 9,278% 8,663% 
[6.63%] 

7,635% 
[17.71%] 

8,221% 
[11.39%] 

Cond 7 11,170% 11,061% 
[0.97%] 

10,042% 
[10.09%] 

8,967% 
[19.72%] 

Cond 8 2,777% 2,218% 
[20.15%] 

2,258% 
[18.69%] 

1,716% 
[38.21%] 

Cond 9 1,741% 1,750% 
[-0.52%] 

1,726% 
[0.87%] 

1,738% 
[0.17%] 

Acer 4,490% 4,092% 
[8.88%] 

3,840% 
[14.49%] 

3,725% 
[17.05%] 

Table 5-41 EERF obtained on the development set (SNorm+ZTNorm), comparing 
classical parameters with extra parameters and extended biometric parameters 

The DET curves representing the results obtained with each of the previously presented 
configurations (see Table 5-39, Table 5-40, and Table 5-41) are depicted in Figure 
5-114 for male speakers and in Figure 5-115 and Figure 5-116 for female speakers.
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Figure 5-114 DET curves comparing classical parameters and GDEB on the NIST SRE10 development set for male speakers and SNorm  
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Figure 5-115 DET curves comparing classical parameters and GDEB on the NIST SRE10 development set for female speakers and SNorm 
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Figure 5-116 DET curves comparing classical parameters and GDEB on the NIST SRE10 development set for female speakers and SNorm+ZTNorm
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Despite the limits set to the experiments carried out on this scenario, mainly due to the 
volume of data to be processed, we can draw certain conclusion. According to the 
results, the use of a gender dependent configuration is essential in order to provide more 
accurate representation of speakers, and therefore to allow for a significant 
improvement in the performance of the recognition systems, in terms of reduction of 
EER. Additionally, the incorporation of what we have called extra parameters, in this 
case E, F0, and F3 for female speakers, and F0 and F3 for male speakers into the feature 
vectors, provide further advantage. And what is more important, the use of the 
parameter F3 proposed in this thesis has become a relevant option in all the analysed 
scenarios, proving its value for speaker characterization purposes.  
Furthermore the proposed gender-dependent extended biometric parameterisation, in 
this case incorporating information just from the glottal source estimate in form of 
MFCCs, is the configuration that provides the most successful results in the 
development set for both male and female speakers, in terms of ACER. Specifically, for 
male speakers, the use of the GSE setup, thus a gender-dependent configuration 
incorporating extended biometric features, provides a relative reduction of 16.7% in 
terms of ACERM, respect to the gender-independent configuration. Whereas in the case 
of female speakers, the use of the GSE setup allows for a relative reduction close to 
17% in terms of ACERF, with respect to the gender-independent configuration, in the 
case of combining ZTNorm and SNorm, and 13.5% in the case of applying SNorm 
alone. Although the relative reduction in terms of ACER is smaller  in this last case, the 
most successful result for female speakers is obtained when ZTNorm is not used 
(ACERF-SNORM=3.698%  vs. ACERF-SNORM-ZTNorm=3.725%). However, we can also verify 
an aspect which we have already mentioned, and that is none other than the difficulty of 
finding a generic configuration for GSE which systematically provides an improvement 
on the recognition rates for all the conditions of the development set individually. 
Finally, it may be interesting to compare the results obtained by our system, using a 
gender-dependent extended biometric parameterisation, with the EER obtained by state-
of-art systems submitted to the NIST SRE 2010 (see Table 5-42). It must be noted that 
NIST do not provide separate information depending on the gender, therefore 
straightforward comparison is not adequate. However, it must be noted that our system 
is able to provide better recognition rates in terms of EER, than state-of-art systems 
(highlighted in green) for some conditions, especially for male speakers.  

Train 
Condition 

State-of-art 
EER range EERM EERF 

Cond 1 1.0% - 2.0% 0.298% 0,727% 
Cond 2 2.0% - 4.0% 1.662% 3,599% 
Cond 3 1.5% - 2.0% 2.270% 3,307% 
Cond 4 1.5% - 2.5% 1.094% 1,794% 
Cond 5 1.5% - 2.5% 2.242% 2,662% 
Cond 6 2.0% - 5.0% 5.593% 7,635% 
Cond 7 4.0% - 5.0% 6.002% 10,261% 
Cond 8 0.5% - 1.0% 0.852% 2,131% 
Cond 9 1.0% - 2.0% 0.848% 1,165% 
Table 5-42 EER ranges for the different tasks on NIST SRE 2010 
Once we have established the configurations that allow us to obtain the best results in 
terms of ACER, on the development set, the next step, consists in checking the 
behaviour of the system on the evaluation set. In this sense it is necessary to take into 
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account that, contrary to what happened in the scenarios defined for the HESPERIA, 
ALBAYZIN and even MOBIO database, where the evaluation conditions were similar 
to the development conditions; in this case the evaluation scenario (based on NIST SRE 
2012) clearly differs form the scenario defined for development. It mainly differs in two 
important aspects. First of all, one or more samples of speech data (recordings) coming 
from multiple channels (microphone and telephone recordings), are available for 
training/creating the speaker’s model, whereas in the development set, only one 
recording is available. Secondly, some of the test segments will have fake additive noise 
imposed. These two differences, specially the second one, may cause the selected 
configurations on the development set not to work properly. 
Table 5-43 for male, while Table 5-44 and Table 5-45 for female speakers, show the 
results obtained on the evaluation set using the different configurations previously 
specify in Table 5-39, Table 5-40, and Table 5-41. 

 

MALE SNORM 

SV-GMM GIC GDC+F0+F3 
[RR] 

GSE 
[RR] 

CONFIG F=40 
MFCC=19 

F=30 
MFCC=19 

F=30 
MFCC=19 

Source-Tract Sep. Alg: 
Prediction Order: 32 

Forgetting Factor: 0.995 
GSE: 

32-Channel Filter bank 
6 MFCC 

CC – 0 26,184% 26,117% 24,691% 
CC – 1 9,241% 9,488% 9,600% 
CC – 2 6,622% 6,564% 6,137% 
CC – 3 7,931% 7,420% 8,178% 
CC – 4 8,352% 7,601% 7,714% 
CC - 5 9,403% 9,500% 9,340% 
ACER 8,310% 8,115% 8,194% 

Table 5-43 EERM obtained on evaluation set (SNorm), comparing classical parameters 
with extra parameters and extended biometric parameters 
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FEMALE  SNorm  

SV-GMM GIC GDC+E+F0+F3 
[RR] 

GSE 
[RR] 

CONFIG F=40 
MFCC=19 

F=50 
MFCC=19 

F=50 
MFCC=19 

Source-Tract Sep. Alg: 
Prediction Order: 29 

Forgetting Factor: 0.995 
GSE: 

36-Channel Filter bank 
4 MFCC 

CC - 0 25,641% 23,099% 22,974% 
CC – 1 10,212% 10,144% 10,024% 
CC – 2 9,598% 9,412% 9,068% 
CC – 3 8,700% 9,159% 8,852% 
CC – 4 8,733% 8,647% 9,086% 
CC - 5 11,986% 11,564% 11,249% 
ACER 9,846% 9,785% 9,656% 

Table 5-44 EERF obtained on evaluation set (SNorm), comparing classical parameters 
with extra parameters and extended biometric parameters 
 

FEMALE  SNorm + ZTNorm  

SV-GMM GIC GDC+E+F0+F3 
[RR] 

GSE 
[RR] 

CONFIG F=40 
MFCC=19 

F=50 
MFCC=19 

F=50 
MFCC=19 

Source-Tract Sep. Alg: 
Prediction Order: 29 

Forgetting Factor: 0.995 
GSE: 

17-Channel Filter bank 
2 MFCC 

CC - 0 25,686% 25,348% 22,320% 
CC – 1 11,194% 11,169% 11,287% 
CC – 2 10,097% 9,938% 10,344% 
CC – 3 9,239% 9,905% 10,185% 
CC – 4 9,356% 9,609% 10,127% 
CC - 5 12,070% 12,176% 12,289% 
ACER 10,391% 10,559% 10,846% 

Table 5-45 EERF obtained on evaluation set (SNorm+ZTNorm), comparing classical 
parameters with extra parameters and extended biometric parameters 

From the results shown on the previous tables, we can draw the following conclusios. In 
first place, for both male and female speakers, we obtain unusual high error rates. This 
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is due to a key factor we have already presented. In the case of male speakers, there are 
up to 64 test files from which no information can be extracted, which affects almost 835 
trials. Whereas in the case of female speaker this situation affects up to 171 files 
inviolving 2300 trials. All theses files have been modified to incorporate fake additive 
noise, resulting in recordings of the type represented in Figure 5-117, from which 
clearly no useful information can be extracted for speaker recognition purposes. 
Specifically, for almost 0.5% of male trials  and 0.5% of female trials, no score can be 
produced and therefore no decision can be made. 
In the case of male speakers, the results obtained by incorporating extended biometric 
parameters (no matter whether just F0 and F3 or F0, F3 and glottal source estimate 
MFCC) clearly outperformed the results obtained when only classical parameters are 
used. In the case of female speakers, combining the use of SNorm and ZTNorm 
provides lower recognition rates than in the case of just applying SNorm. In addition in 
this last case, the GDEB parameterization allows for a reduction in terms of EER for 
almost all the conditions.  

 

Figure 5-117 NIST SRE12 files with fake additive noise (up - time domain, down 
frequency domain) 
It must be noted that, despite facing an evaluation scenario that has little to do with the 
development scenario, the use of the gender dependent extended biometric 
parameterization allows for a reduction of the recognition errors in almost all of the 
conditions in which the evaluation set is divided.  
The DET curves representing the results obtained with each of the previously presented 
configurations (see Table 5-43, Table 5-44 and Table 5-45) are depicted in Figure 5-118 
for male speakers and in Figure 5-119 and Figure 5-120 for female speakers.
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Figure 5-118 DET curves comparing classical parameters and GDEB on the NIST SRE12 evaluation set for male speakers and SNorm  
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Figure 5-119 DET curves comparing classical parameters and GDEB on the NIST SRE12 evaluation set for female speakers and SNorm 
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Figure 5-120 DET curves comparing classical parameters and GDEB on the NIST SRE12 evaluation set for female speakers and SNorm+ZTNorm 
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5.2.4.1 Brief Conclussions 

In this scenario, using the NIST data bases and somehow adjusting the scenario to the 
2010 and 2012 evaluation plans, it is difficult to draw specific conclusions about the 
results. This is due to three key factors: 

• Problem dimensionality: The amount of information to deal with both in the 
development set and in the evaluation set causes an unaffordable tuning process 
like the one proposed in the above scenarios. 

• Inter- and intra-speaker variability: We are facing a problem with a large intra-
and inter-speaker variability. In previous scenarios we have concluded that the 
optimal configuration will be different depending on the type of recordings that 
we must deal with (i.e. Microphone/Telephone). Therefore, it would be 
appropriate to perform a search for optimal configuration for each of the 
conditions in which the evaluation set and development set are divided. 
Otherwise we assume that a compromise must be reached in other to 
simultaneously minimise EER for all conditions. Therefore we will not obtain 
the best possible configuration for each condition. 

• Development and Evaluation divergence: In previous scenarios, evaluation and 
development operation mode was the same, except that the system faces 
unknown data. However, in this scenario, evaluation plan is quite different from 
development plan. Therefore it is unlikely that the results obtained on the 
development set by a specific configuration may offer the same performance on 
the evaluation set. 

Anyway, we can draw the following conclusions that confirm the results obtained in 
previous scenarios. The use of a gender-dependent extended biometric parameterisation 
in which GSE information has been incorporated provides a clear improvement in terms 
of recognition rates respect to the use of the classic gender-independent approach. The 
use of ∆∆ coefficients is completely discouraged as the recognition rates obtained with 
configurations including these coefficients, are worse than in the case of using just 
MFCCs+∆. Additionally, it has been confirmed that the use of extra parameters under 
some specific combination helps to increase recognition rates. Specifically, F0 and F3 
are useful for both male and female speakers. 

Regarding the classification method, it is clear that in high variability scenarios like this 
one the use of the GMM-UBM approach it is not recommended both in terms of 
recognition rates and computational efficiency. Additionally, the SV-GMM approach 
provide better results than the i-vector approach with less computational load. 

Last but not least, we have verified that even in such a variability scenario, including 
information from the GSE into the feature vectors, allows for an increase on the 
recognition rates that is consistent over the development and the evaluation set. 
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6 CONCLUSIONS 

6.1 OVERVIEW 
Since early 1970’s Automatic Speaker Recognition has been an active research area, 
mainly due to the interest shown by different institutions in providing a common 
framework to both test the advances in the area as well as to recommend the fields to 
which major research efforts should be directed. Major advances in the area have been 
achieved thanks to improvements in classification methods. This is clearly observed in 
the range of classification methods that have been implemented to meet the challenges 
of these evaluations such as: UBM-GMM, total variability spaces, Gaussian 
supervectors, etc.; alone or combined with normalisation post-processing steps such as 
LDA, WCCN, or NAP. 
However, despite been of great importance, the front-end that feeds those classification 
systems has been relegated to a second plane in terms of research interest. This is 
demonstrated by the fact that still most systems use gender-independent MFCC 
coefficients extracted from the power spectral density of speech as a whole. The present 
work defends the idea that an adequate front-end properly characterising the speakers, 
and not one that has its origin in the speech recognition area, is as important as the 
selection of the classification method. 

The advances that have taken place in the area of digital signal processing, along with a 
better understanding of the phonation processes, have made it possible the development 
of software tools that allow us to perform a more detailed analysis of the voice signal. 
The presented methodology, developed through the use of inverse filtering, provides a 
way to extract from the voice signal the glottal source and vocal tract estimates, which 
conveniently parameterised allows a more accurate characterisation of speakers. 

The thesis work that has been presented here will hopefully help to recover the interest 
in this subarea of biometric speaker recognition, i.e. speaker characterisation, as really 
promising recognition results are obtained regardless the multiple scenarios in which 
our proposal has been tested. 

6.2 CONCLUSIONS 
We must not forget that the main objective of this thesis is to improve the 
characterisation of speakers, so that by integrating biometric features, speaker 
recognition systems can be trustfully used in security environments, like other biometric 
systems such as those relying in fingerprints or iris biometrics. To achieve this goal, the 
thesis has been organised in five parts, the last two being experimental. 

Chapter 1 provides a unique review on biometrics, as well as a unique synthesis of the 
current state-of-the-art of different biometric characteristics typically used. Besides, 
after the general overview on biometrics, we focus on the particularities of Speaker 
Recognition, from the feature extraction process, to decision making, through 
classification methods. After this analysis, some conclusions can be drawn. 

• Although there are multiple applications that offer Speaker Recognition 
Solutions, this field still remains an open issue that allows for a wide margin for 
improvement. 
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• This is an active research area thanks to the interest shown by different 
institutions in providing a common framework to both test the advances in the 
area as well as to recommend the fields to which major research efforts should 
be directed. 

• Main research efforts on the area have been directed to the improvement of 
classification methods. 

• Two different types of parameters are usually used to characterise speakers on 
Speaker Recognition systems: 

o Parameters inherited from the speech processing area, typically MFCC 
and its derivatives. 

o High level parameters (suprasegmental), more related to behavioural 
aspects rather than physiological characteristics; and therefore easily 
replicable by impostors. 

Surprisingly all the approaches analysed face the problem with gender-
independent parameters, despite being a well known fact that male and female 
voices show clear differences, due to non-negligible sexual dimorphism. 

• As a result of this, we conclude that there is a need to improve speaker 
recognition systems, not from the classification point of view, but by providing a 
set of characteristics that accurately defines the speakers. The formulated 
hypothesis is twofold, first the proposed parameters must be gender-dependent, 
and second they must rely on biometric information, preferably standing on a 
physiological background.  

Chapter 2 represents the core of the theoretical work on this thesis. In particular, a 
comprehensive review of speech production processes including its mathematical 
modelling has been presented. All this mathematical reasoning leads us to Gunnar 
Fant’s voice production model, which in its simple form can be summarised in the 
existence of an excitation signal (glottal source) that is modelled by a filter 
(representing the vocal tract). Taking this model as starting point, a new glottal-source 
vs. vocal-tract separation algorithm based on the theory of inverse filtering via linear 
prediction, is proposed. This method is compared with other proposed solutions, 
showing differences not only in the separation process but in the way, the resulting 
components, are used.  
Additionally, we present a complete parameterisation of the signals obtained. The 
resulting features, in contrast to classical MFCC coefficients estimated from the original 
voice signal, enclose biometric significance, as they establish a relationship between 
numerical values and physical characteristics of the speaker hardly forgeable. However, 
it was found that these features, despite their theoretical potential and proven validity in 
diverse areas (including speaker recognition in the NIST HASR5 2010 and 2012 
evaluations) show an important limitation in their practical application to automatic 
speaker recognition. This limitation relies on the need to provide the algorithms with a 
high quality voice signal in order to obtain accurate estimations, which is not possible 
(without human supervision) in the various tests that have been proposed in Chapter 4 
(mainly due to the reduced sampling frequency of the recordings, the noisy 
environment, the channel variability, etc.). For this reason, in Chapter 5, we present an 

5 NIST HASR (Human Assisted Speaker Recognition) focus on the way human experts effectively utilize 
automatic speaker recognition technology (http://www.nist.gov/itl/iad/mig/hasr.cfm) 
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alternative parameterisation of the glottal source and vocal tract estimates based on its 
frequency domain analysis, i.e. based on MFCC coefficients.  
An important aspect of using the MFCC parameterisation of the glottal source and vocal 
tract estimates is the fact that the computational requirements (in processing time) to 
compute the new parameters are not drastically increased. The major effort relies on the 
component separation algorithm, since once the two new signals are obtained, the 
feature extraction process is somehow identical to the MFCC classical extraction, and 
what is more, it can be carried out simultaneously on all the involved signals (raw voice 
signal, glottal source estimate and vocal tract estimate). 

Chapter 3 provides an extensive review of the classification methods widely used in 
speaker recognition, starting with those used at early stages of research in the area, such 
as Vector Quantisation and HMMs, moving into GMM-UBM, continuing with two-
class classifiers (SVM), and finishing with new trends in classification methods applied 
to speaker recognition: supervectors and i-vectors. Additionally, some hints on fusion at 
different levels have been introduced. After analyzing the multiple options available to 
face the problem, some assumptions can be made: 

• GMM-UBM approach continues to be the de facto reference method in text-
independent speaker recognition. 

• The use of more complex classification methods such as i-vectors or JFA 
requires for its proper operation a large amount of data for training the models, 
so the computational cost is drastically increased if compared with other 
approaches. Furthermore, it is not always possible to have such amount of 
training data for a particular system, since the data used must be as similar as 
possible to the actual training and test conditions. 

• The latest trend in speaker recognition seems to be the fusion of multiple 
classifiers, at the scoring level, even though fused systems are generally based 
on the same front-end. In this sense we can conclude that it seems that it does 
not matter what the input to the system is, because at the end we will manage to 
get the correct score by combining scores, although lacking a solid biometric 
meaning. This approach sharply vary from our vision, as we think that it is more 
important to provide an accurate description of the speakers as the starting point 
in order that better recognition rates can be obtained regardless the classification 
method used. 

Chapter 4 holds a dual purpose, on one hand we present in detail different databases 
widely used to test speaker recognition systems; on the other hand we describe a set of 
tests using the referred databases that allows us to verify that the speaker 
parameterisation proposed on this thesis provides better performance (in terms of 
recognition rates) than traditional parameterisation. 

From the review of other works in this area, we have drawn some conclusions 
concerning testing and comparison. 

• If we want to apply the speaker recognition system in security environments it 
seems inappropriate to pose text-dependent tests. As it is recommended to 
change any password code from time to time, also voice based keys must 
change. So text-dependent tests are beyond the scope of this thesis, and we have 
focused on text-constrained and text-independent environments. 
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• We have also verified that, despite using the same database, the performance of 
two systems cannot be compared straightforward, given that the selection of the 
training and test data can be different. Therefore, as we want to compare the 
recognition ability of the proposed parameterisation over classical approaches, 
we need to develop two recognition systems based on the same classifier but 
each fed by each front-end under study. Facing the same settings and conditions 
(enrolment and test) a straight comparison of systems in terms of recognition 
rates is possible. 

• Last but not least, we face external/independent evaluations. It is important to let 
our system undergo external evaluations where the task definition and settings 
are beyond our control. This scenario which apparently seems to be useful when 
assessing our work, presents also a problem that substantially affects the 
recognition results. We refer to the fact that although the evaluations we have 
chosen (MOBIO and NIST) clearly establish the data to be used as well as the 
test conditions, they leave the possibility of using additional external data open 
to world modelling stages as well as to normalisation. This means that systems, 
actually, do not face the test under the same conditions. In the case of NIST 
SREs, we have checked that the normalisation stage is critical if competitive 
results are to be obtained, especially due to the high variability held by the 
databases. MOBIO does not remain unaware of this circumstance. Particularly, 
we have seen in the 2013 evaluation that an unfortunate selection of additional 
data for normalisation purposes can ruin systems’ performance. 

Regarding the ad-hoc tests that we have prepared on text-constrain and text-independent 
scenarios, they have been conceived to try to reflect real working environments, and it is 
with this premise that they have been designed and tested. 

• In order to transfer this technology from a research workbench to real-life 
environments, final user acceptance is essential. In the case of speaker 
recognition systems, the time that must be lost in the enrolment phase seems to 
be the most annoying factor. Therefore, it is essential to limit the amount of 
training data (which actually means reduction of enrolment time) to build 
speaker models. In particular, for ALBAYZIN tests, enrolment has been limited 
to 12 seconds (3 files x 2 seconds/file) while in the case of HESPERIA this limit 
is set to 40 seconds (20 files x 2 seconds/file). In comparison, this enrolment 
times are significantly lower than the ones provided in NIST SRE10 core trials, 
set between 3 to 15 minutes. 

• Regarding the number of different speakers, we face the limitation imposed by 
the used databases. Although it can be considered small and/or not 
representative (especially concerning research aspects), we can conclude that it 
is adequate for real-life scenarios. Specifically, statistics from 2011 show that 
99% of companies in Spain have a number of employees below 50, which 
means that the proposed tests reflect the situation that will be present in most of 
the scenarios in which the technology is to be implemented. 

• The division of the databases on different sets (development, evaluation and 
background), allows us to verify how the system behaves under new data/users, 
or whether we have over trained the system and therefore does not generalise in 
the expected way. However, this scenario is not entirely realistic, as for instance 
in security environments we usually configure the system to work on a closed-
set configuration. So, during enrolment and test the same known sets of users are 
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available and what is new to the systems are the new claims of identity. This 
means that all the data available from all users can be used for training and 
normalisation.  

Chapter 5 presents the results obtained in the set of tests presented in chapter 4. The 
most important conclusion that we can derive from the results is that the use of the 
proposed parameterisation, i.e. the gender-dependent parameterisation which 
complements classic MFCC features with extended biometric features obtained from 
the glottal source and vocal tract estimates, provides better results in term of recognition 
rates than the classical gender-independent approaches. Thus, confirming the hypothesis 
of the present work. Additionally, at the end of each of the presented scenarios a brief 
summary of the conclusions to be drawn from the results, especially concerning the set 
of parameters used, is performed. However these conclusions must be refined and 
qualified considering the different results we have obtained. 

• Regarding the use of classical features for speaker characterisation, we have 
carried out multiple tests (especially where HESPERIA and ALBAYZIN 
databases are involved) and we can conclude that the use of ∆ coefficients 
clearly improve the recognition rates whereas the use of the ∆∆ coefficients 
seems not to be adequate to properly characterise the speakers. This behaviour 
has also been confirmed in the test carried out on NIST SRE10. 

Clearly, the use of ∆∆ coefficients in the speaker recognition area is 
discouraged, as demonstrated by the results obtained. 

• Regarding the gender parameterisation approach proposed as initial hypothesis 
of the present work, it has become clear through all the tests carried out, that 
when it comes to improve recognition rates of speaker recognition systems it is 
essential to process each gender independently. Moreover, according to some 
preliminary results on HESPERIA database, it seems that there is more 
phonation variability in the female speaker population than in male speakers, but 
at the same time it remains consistent among individuals within the same age 
range groups. This indicates that it may be appropriate not only to provide 
speaker recognition systems with a gender-dependent parameterisation, but also 
establish female subgroups according to age range. 
In this regard, it is worth noting that in most of the proposed scenarios, the 
optimal configuration usually entails a filter bank with higher number of 
channels for female speakers than for male speakers, on the filterbank used to 
compute the MFCCs.  

• Concerning the use of extended biometric information which complements 
classical parameters to provide an accurate characterisation of speakers, it has 
been shown through the different tests proposed using multiple databases that it 
clearly improves systems performance in terms of higher recognition rates. 
Regarding the extended biometrics we can perform a separate analysis on what 
we have called alternative parameters, and on the set of parameters extracted 
from the glottal source and vocal tract estimates. 

o Alternative parameters: Under this name we have grouped the parameters 
related to energy of the frame (E), delta energy (∆E), pitch (F0) and 
formant 3 estimate (F3). Energy and ∆E coefficients are typically used as 
they constitute a heritage from the speech recognition area, however we 
have seen that in most cases their used (when combined with classical 
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MFCCs) do not usually provide an improvement in terms of recognition 
rates. On the contrary, F0 and specially F3 (usually combined with some 
of the other alternative parameters) are extremely useful in most of the 
presented scenarios in other to precisely characterise speakers, and 
therefore to reduce recognition errors. Thus the use of F3 proposed in 
this thesis is confirmed as an important contribution, as this parameter 
seems to be very relevant for speaker recognition tasks. 

o GSE and VTE: In all the tests carried out in this work, we have always 
proceeded by first incorporating features extracted from the glottal 
source estimate and once a valid configuration is selected, features from 
the isolated vocal tract estimate are added to the feature vector. This 
approach is based on two fundamental premises. First of all, we assume 
that information conveyed by the glottal source is not only closely 
related to physiological (and therefore biometric) characteristics of 
speakers, but also somewhat free from the influence of the message 
casted. For this reason it should be more effective in order to characterise 
speakers, especially in text-independent scenarios. This takes us to the 
second premise. As already said, the vocal tract estimate provides 
information dependent on the phonetic content of the message. Therefore 
the amount of training information needed to model the speaker is going 
to be larger than in the case of the glottal component as sufficient 
phonetic coverage will be required from the speaker. This requirement is 
not always possible to fulfil with the databases used in this thesis, and in 
many practical cases in the real world. However, although it is well 
known that the vocal tract component of voice is of great interest for the 
biometrical characterisation of the speaker, the results obtained for the 
different scenarios show that the use of parameters extracted from the 
vocal tract estimate, when included into the feature vectors,  do not 
provide additional benefits to the recognition system compared to the 
case of using information from the glottal source estimate combined with 
MFCCs extracted from the raw voice signal. 

Besides, the set of tests presented in this thesis allows us to verify that both the 
process and therefore the proposed extended biometric parameters are robust to 
channel variability. Specifically, the tests run on the HESPERIA database show 
how even when the training is performed on microphone recordings and test are 
run over telephone recordings the use of extended biometric parameters 
produced a reduction in error rates. 

Additionally, it seems appropriate to provide a brief note on the results obtained 
in the NIST SRE10, as they are not as brilliant as the ones obtained in the other 
scenarios. Clearly, the results are influenced, among other factors, by the 
characteristics of the database and by the fact that no manual treatment or 
inspection of data is allowed according to the evaluation plan. As previously 
mentioned, databases provided by NIST enclose not high but huge inter- and 
intra-speaker variability due not only to changes in the speaker itself (recordings 
from the same speaker are made years apart) but also due to a really awful 
recording methodology in which for instance the speaker is at such a distance 
from the microphone that it hardly captures its voice, or recordings in which the 
environmental noise is so strong that it completely masks speaker’s voice. 
Taking into account this scenario, it is difficult to tune a system that needs, for 
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accurate operation quality recordings, or at least recordings where just one 
speaker is present. Moreover, we have been quite ambitious trying to find just a 
single configuration which improves recognition-rate overall trial conditions. It 
would have been more appropriate to face each condition independently. 
Nonetheless, the presented results are very competitive and allow us to 
demonstrate even in this complex scenario that a gender-dependent 
parameterisation is essential, and that the use of features extracted from the 
glottal source estimate reduces misidentification. 

• Regarding the computational requirements for computing the new extended 
biometric parameters, we can conclude that the front-end designed in this thesis 
does not lead to a computational overload much larger than a classical front-end 
incorporating ∆ and ∆∆ coefficients. Although a detailed analysis is beyond the 
scope of the present work, we can perform a brief comparison of both front-
ends. 
We can assume that the feature extraction process proposed here consists of two 
different stages. The first one (which obviously is not needed in a classic front-
end) is the source-tract separation. The time devoted to this stage will depend on 
the size of the voice input signal and the order of the filter used. Once the three 
signals (raw voice, glottal source estimate and vocal tract estimate) are available, 
the next stage consists in extracting the MFCC coefficients form each of the 
signals. This process is independent for each signal and therefore can be 
performed simultaneously. Thus at this stage, the additional computational cost 
is caused by larger storage requirements, specifically it is going to be three times 
larger as we are simultaneously working with 3 different signals instead of just 
one. Finally, it must be noted that in the case of working with a classic front-end 
a third stage must be added for the computation of the ∆∆ coefficients, which are 
not required in our proposal, and evidently involves additional time costs. 

However, regarding computational costs it must be noted that the bottleneck of 
speaker recognition systems is found not in the front-end, but in the 
classification and score stage. These stages are influenced by the size of the 
feature vectors previously generated. In our proposal, despite introducing 
extended biometric parameters in the feature vector, the number of parameters is 
less than in the case of introducing ∆∆ coefficients, so the total processing time 
will be reduced by using the gender-dependent extended biometric 
parameterisation with respect to using MFCC+∆+∆∆. 

• Regarding classification methods, it is necessary to point out that the aim of this 
work was neither proposing any new classification method nor determining 
which one of the most used methods provides better results. Nevertheless, 
different classification methods have been used depending on the specific 
scenarios that have been proposed. 
From the presented results two main conclusions can be drawn. First of all, 
regardless the classification method used, the gender-dependent extended 
biometric parameterisation provides better recognition rates than classical 
parameterisation. Second, the selection of a specific classification and scoring 
method must be data-dependent. For instance, using the GMM/UBM approach 
in the NIST SRE is going to be more time consuming and will provide worse 
results than for instance using the Gaussian supervector approach. By contrast, 
using the Gaussian supervector or the i-vector approach in the MOBIO, 
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ALBAYZIN or HESPERIA scenario will not be adequate as not enough data 
will be available for normalisation or transformation matrix estimation so results 
achieved with the GMM-UBM paradigm will outperform those obtained using 
the alternative approaches. 

• Concerning the use of normalisation methods, it is difficult to draw a clear 
conclusion on whether their use is going to be more efficient or not. 

In order for the normalisation techniques to be effective, it is necessary to have a 
set of impostors available, really covering the whole set of possible alternatives 
to target speakers, under the tested conditions. As previously mentioned, in the 
set of tests carried out using HESPERIA, ALBAYZIN and MOBIO databases, 
the number of speakers marked as impostors as well as the number of recordings 
available for each of them is relatively small, this not being enough for the 
normalisation technique to work properly. It must be noted that under certain 
conditions, the used of score normalisation techniques can improve recognition 
rates; and their use is essential for instance in NIST SREs. However, the 
application of normalisation methods will depend on the specific scenario and 
the information available for cohort modelling. 

6.3 FUTURE WORK 
As we have seen throughout the extension of this thesis, the use of gender-dependent 
biometric parameters, extracted from the deconstruction of voice in their estimates of 
glottal source and vocal tract has proved being useful in the area of speaker recognition. 
Additionally, the use of these estimates, conveniently parameterised, is also useful for 
gender detection and age classification. In parallel, it has also been shown that 
alternative parameterisations of these estimates are useful in the evaluation of disease 
[Gómez,2009] and the analysis of vocal quality.  

However, this thesis is not the end; it is merely the end of the beginning. Some 
questions still remain open as well as several lines of research have emerged, that are 
described below: 

• Quality Measures 
Throughout this work we have faced different scenarios involving different 
types of transmission channels, different emotional states of speakers, and 
different recording scenarios. This has led to the need to slightly modify the 
separation algorithm of the vocal tract and glottal source components of voice to 
deal with these circumstances. That is why we refer to these components as 
estimates of source and tract instead of just glottal source and vocal tract (see 
section 5.1.2). However, given that this variability is going to be present in one 
way or another in any real-life speaker recognition system, it seems necessary to 
define a quality measure that indicates the feasibility not only of the separation 
process but of the biometric feature extraction as well. This quality measure will 
constitute an objective criterion to determine whether the use of the proposed 
features is going to provide a benefit or not. 

• Fusion 
At the beginning of this research the decision was made to incorporate in a 
single feature vector both classical and biometric parameters. However, it may 
be interesting to study other methods of integration of this information based on 
the fusion of complementary systems; one based on classical parameters and 
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another based on biometrics (see section 3.6). Furthermore, this fusion could be 
driven by the quality measures that result from the study raised in the previous 
point. 

• Robustness against speaker temporal variations 
This is another key aspect affecting any speaker recognition system. Not only do 
we mean changes due to emotional states (joy, elation, sadness, anger, etc.) or 
temporal health issues, but also the changes that occur in the voice as a direct 
result of aging or neurological deterioration. 

Consider the case where we have a speaker model obtained in an instant t0, and 
we want to determine whether a recording captured years later corresponds to 
the same speaker. It is easy to imagine that there is going to be a discrepancy 
between the speaker model and the actual biometric information. Despite being a 
scenario perhaps unusual in speaker recognition systems, it appears to have 
some interest [Lanitis,2010] as demonstrated by the fact that this type of case is 
cited in the NIST evaluations. For this reason it seems appropriate to carry out 
an analysis of the effect of aging in the biometric features proposed in the 
present study. 
The biggest issue that we have to face in this case is the difficulty to obtain data 
reflecting this scenario, since most of the available databases, except a few cases 
in the NIST database, do not contemplate it. 

• Monozygotic and dizygotic twins, siblings and unrelated speakers 
The feature set presented in this work to improve recognition rates intend to 
somehow model physical characteristics of speakers. Usually two unrelated 
speakers will have different physical characteristics thus leading to different 
parameter’s value. The question that arises now is: what happens when there is a 
relationship between two speakers? i.e., what happens in the case of siblings, 
monozygotic and dizygotic and twins? The latter case is attracting great interest 
as demonstrated by the research activity in this area [Van Lierde,2005], [San 
Segundo,2013]. Therefore, it seems interesting to evaluate the robustness of our 
proposal in scenarios like this, as some other biometric authentication methods 
such as face seem to fail. Again, the biggest problem that we face is the lack of 
appropriate databases to conduct this analysis. 

• Goats and Lambs 
[Doddington,1998] classifies users of a biometric recognition system into four 
different groups: Sheep, Goats, Lambs and Wolves (see Chapter 1.4). In security 
environments, where the set of users with access is known, closed and usually 
fixed, it would make sense to devote an extra effort in the normalization of goat 
(the users who are particularly difficult to recognise due to its high intra-class 
variation) and lamb (users particularly easy to imitate ) type speakers. 

• Feature selection 
We have seen how the integration of biometric features in speaker recognition 
systems allow for a substantial improvement of recognition rates. We have also 
seen that it is necessary to perform a calibration step of the system depending on 
the type of recordings (i.e., the database, text-dependent vs. text-independent 
scenarios, etc.), in order to establish the most appropriate combination of 
parameters. This step seems to be necessary even in the case of using 
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exclusively classical parameters. Therefore, the study of a method to find the 
adequate combination of parameters as independently as possible of these 
sources of variability remains an open question. 

• Feature extraction 
In this work we have chosen to use a parameterisation of the vocal tract and 
glottal source estimates in the form of MFCCs. As discussed in section 2.4.1.3, 
we have ruled out the use of another set of parameters, which in theory should 
provide better results for different reasons.  

One reason is that the alternative set of parameters defined in section 2.4.1.3 
requires high quality sound recordings to be estimated. However, high quality is 
neither usually present in any of the databases used (except HESPERIA), nor in 
many real application scenarios. Therefore, it could be of great interest to carry 
out a study to obtain such parameters from lower quality recordings and verify 
their validity for automatic speaker recognition.  

Another reason is the additional problem that may appear when using parameters 
which convey specific semantics. Specifically, the expected benefit may be 
neutralized by two key factors: estimation error and estimation at unsuitable 
instants. In this sense, an additional problem arises regarding the value that must 
be assigned to these semantic parameters at the specific instant when their 
estimation is not adequate. Should we assign the last value? Maybe zero? Or 
maybe the mean value over some specific previous interval? For this reason, it 
may be useful to conduct a study on the effect of non-periodic parameters on the 
whole speaker recognition system. 

• Calibration 
Throughout the present work, we have used the EER as optimisation objective in 
order to compare performance of different systems. This choice is justified not 
only because this value constitutes a summary of the whole DET-curve and 
therefore of the system behaviour at different operating points, but because it 
also constitutes an upper limit of the system’s capacity decision. However, in the 
NIST SRE (which is the frame reference for speaker recognition) the DCF and 
minDCF are used instead as optimisation parameters. Therefore, it seems 
appropriate to focus our efforts on this direction (maybe using the BOSARIS 
toolkit). 

As we have said on different occasions, the front-end of a speaker recognition system 
seems to have been relegated to a secondary plane when compared to the research 
interest in classification and normalisation methods. Most speaker recognition systems 
keep on using MFCCs extracted from the power spectral density of speech as a whole; 
although these coefficients are inherited from the speech recognition area which 
although offering good performance are not as accurate as expected when characterizing 
the speaker. For this reason, once the high level of maturity in terms of classification 
techniques has been reached, it seems necessary to focus on the extraction process in 
order to improve the performance of these systems, selecting features that allow for an 
unambiguous way to characterise speakers. From this point of view, this work offers a 
new starting point for further research in the speaker recognition area. 
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6.4 CONTRIBUTIONS 
Since in the speaker recognition area there are some common frameworks or 
evaluations in which the state-of-the-art of the technology can be measured, it seems 
necessary to participate in them so that we can assess what is the real value of our 
contribution to this area. From this point of view, we can cite as one of the contributions 
of this thesis, the participation in international Speaker Recognition Evaluations, such as 
NIST SRE 2010, NIST SRE 2012, and MOBIO SRE 2013. The results obtained in these 
evaluations are dissimilar. In the case of the NIST SRE 2010, it was our first attempt to 
build a complete SR system which incorporates a gender-dependent biometric 
parameterisation and the results were somehow disappointing. However after a post-
processing step we can conclude that the results were influenced not by a bad choice of 
the parameters but by the particularities and peculiarities of the NIST databases which 
we were unable to cope with, on due time. As presented in Chapter 5, once we learned 
how to deal with the multiple particularities of these databases, we were able to reach 
state-of-the-art recognition rates in terms of EER. As a counter example, we can cite the 
MOBIO SRE 2013, in which we managed to get the best recognition rates as reported 
by organisers and presented also in Chapter 5. 
From a less practical, but more scientific point of view, several papers have been 
published and many congress contributions have been made in the course of the 
research leading to this thesis. These contributions are listed by date from most to less 
recent, except for the first three which deserve special mention for being published in 
journals with impact factor. 

• JCR Papers: 
o Gómez, P., Rodellar, V., Nieto, V., Muñoz, C., Mazaira, L.M., et al; 

“Characterizing Neurological Disease from Voice Quality 
Biomechanical Analysis”, Cognitive Computing, Vol.5, Issue 4, pp.399-
425, 2013 (ISSN: 1866-9956) – JCR: 0.867 

o Gómez, P., Ferrández, J.M., Rodellar, V., Álvarez, A., Mazaira, L.M., 
Martínez, R., Muñoz, C.; “Neuromorphic Detection of Speech 
Dynamics”, Neurocomputing, Vol. 74, Issue 8, pp. 1191-1201, 2011 
(ISBN: 978-989-8425-42-3) – JCR: 1.44 

o Gómez, P., Fernández-Baíllo, R., Rodellar, V., Nieto, V., Álvarez, A., 
Mazaira, L. M., Martínez, R, Godino, J. I.; “Glottal Source Biometrical 
Signature for Voice Pathology Detection”, Speech Communication, Vol. 
51, pp.759-781,2009 (ISSN: 0167-6393) – JCR: 1.229 

o Gómez, P., Ferrández, J. M., Rodellar, V., Álvarez, A., Mazaira, L.M.; 
“A Bio-inspired Architecture for Cognitive Audio”, Lecture Notes on 
Computer Science, LNCS: IWINAC 07 (Springer Verlag), Vol. 4527, 
pp.132-142, Jun. 2007. (ISBN: 3-540-73052-4) - JCR: 0,415 

• Papers: 
o Gómez, P., Belmonte, E.,  Rodellar, V., Nieto, V., Álvarez, A., Mazaira, 

L. M.; “Biomechanical Evaluation of the Singing Voice”, Proc. of 
MAVEBA 2013, pp. 137-140, Firenze University Press, Florence, Italy, 
2013 (ISBN: 978-88-6655-469-1) 

o Mazaira, L.M., Álvarez, A., Gómez,P., Martinez, R., Muñoz, C.; “The 
GIAPSI System for the 2013 Speaker Recognition Evaluation in Mobile 
Environments”, In Actas de las VII Jornadas de Reconocimiento 
Biométrico de Personas, Zamora, Spain, Sep. 2013.(ISBN: 84-616-5690-
3) 
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o Gómez, P, Nieto, V., Rodellar, V., Martinez, R., Muñoz, C., Álvarez, A., 
Mazaira, L.M, Scola, B., Poletti, D., “Wavelet Description of the 
Glottal Gap”, In Procs. of the 18th Int. Conf. on Digital Signal 
Processing, Santorini, Greece, Jul. 2013. (ISBN: 978-1-4673-5807-1/13) 

o Gómez, P, Nieto, V., Rodellar, V., Álvarez, A., Mazaira, L.M., 
Martinez, R., Muñoz, C., Fernández, M., Ramirez, C., “Estimating 
Tremor in Vocal Fold Biomechanics for Neurological Disease 
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Processing, Santorini, Greece, Jul. 2013, (ISBN: 978-1-4673-5807-1/13) 

o Khoury, E., Mazaira, L.M., et al. “The 2013 Speaker Recognition 
Evaluation in Mobile environments”, In the Procs. of the 6th IAPR 
International Conference on Biometrics, Madrid, Spain, Jun. 2013. 
(ISBN: 978-1-4799-0310-8) 

o Gómez, P, Martinez de Arellano, A., Nieto, V., Rodellar, V., Álvarez, 
A., Mazaira, L.M.; “Monitoring Treatment of Vocal FoldParalysis 
byBiomechanical Analysis of Voice”, In Proc of I Jornadas 
Multidisciplinares de Usuarios de la Voz, el Habla y el Canto 
(JVHC2013), Las Palmas de Gran Canaria, Spain, Jun. 2013. (ISBN: 84-
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II. APPENDICES 
II.1. Software Tools 
As previously stated some of the algorithms that have been presented and used in 
the course of this work have open source implementations, including those 
concerning feature extraction, which constitutes the core work of the present thesis. 
However, the available implementations or software tools are not always efficient or 
easily connectable with other modules in a complete speaker recognition system. 
Furthermore, the gender-dependent biometric parameterisation module constitutes a 
contribution of this thesis, which obviously requires an ad hoc implementation. For 
this reason, we have implemented, in C code, each of the algorithms that have been 
uses in this work, namely: 

• Feature extraction module: The major contribution of this thesis is 
concentrated in this module, it provides the user with a power tool to 
generate not only classical features extracted from the voice signal, i.e. 
MFCC, but the biometric coefficients extracted from the glottal source and 
vocal tract estimates. Through a configuration file the user can select not 
only the type of parameters that are going to be generated but also the 
following settings: 

o Format of input recordings: Wav files (format used in HESPERIA 
database), sphere file (format used in NIST databases), ses file 
(format used in ALBAYZIN database). 

o Format of output files: HTK files (in order to make the module 
compatible with HTK toolkit), TAB file (binary tabular format, used 
by the other modules implemented in this work) 

o Features: The user is allowed to select not only the number of MFCC 
to be extracted, but also the configuration used to extract these 
parameters, i.e. filters in the filter bank or bandwidth limits. 
Additionally, ∆ and ∆∆ coefficients can be included in the output 
feature vector. The extraction of the MFCC parameters extracted 
from the glottal source and vocal tract estimates follows the same 
procedure, so the same type of settings applied. 

o Source-Tract separation algorithm: Depending on the quality of the 
recordings, and the gender of the speaker, it will be useful to modify 
the order of the filter and the forgetting factor parameter.  

o Extra parameters: The user is allowed to select whether to include or 
not additional parameters in form of energy, ∆E, pitch estimation or 
third formant estimation, extracted from the voice signal. 

o Feature Normalisation algorithms: Given the characteristic of some 
of the recordings in the different databases used in the set of 
experiments carried out, the use of certain features normalisation 
algorithms has proven its value. Therefore, the user can select 
whether to apply or not each of the following normalisations: 

 Cepstral mean subtraction [Furui,1981]. 
 Feature warping [Pelecanos,2001]. 

 RASTA filtering [Hermansky,1994]. 
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Despite being focused on MFCC parameters, it is a powerful and yet flexible 
module that allows the user to generate a wide variety of parameters while 
controlling the process at low level. 

• Class modelling/class decision: Regarding the modelling, classification and 
scoring stages, we have implemented the most common techniques that we 
can find in the state of the art to address the speaker recognition problem. 
Specifically, we have implemented the GMM/UBM paradigm, a GMM-
supervector classifier and the i-vector approach. Depending on the approach 
used to face a specific problem, additional modules are needed. For instance, 
in the case of using the GMM/UBM paradigm, MAP algorithm has been 
implemented and LLR scoring step is also provided, while ZNorm and 
TNorm normalisation scores are available if the user decides to use them. 
For the case of applying the GMM-supervector approach, the PCA 
dimensionality reduction technique is available and cosine distance is 
provided as scoring method (also available on the i-vectors approach). No 
matter whether the i-vector or the GMM-supervector approach is used, 
standard compensation techniques are available for used, such as LDA or 
WCCN. SNorm has been implemented so it can be used when cosine 
distance is applied as scoring method. 
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II.2. Glossary 
II.2.1. Acronyms 

CMS: Cepstral Mean Subtraction. Robust feature enhancement which 
removes channel induced effects as well as any other stationary speech 
component, by removing the mean cepstral coefficient from each feature 
over the duration of an utterance (See section 5.1.1). 

DET: Detection Error Trade-off (see DET curves) 
EM: Expectation-Maximisation. Iterative algorithm used to produce 
maximum likelihood estimates of the parameters in statistical models, 
given some observed data. (See section 3.3.1). 

EER: Equal Error Rate. Statistic used to compare biometric system 
performance, it can be define as the location on a DET curve where the 
FAR and FRR are equal. In general, the lower the EER value, the higher 
the accuracy of the system. 

FAR: False Acceptance Rate. In the verification task, it can be defined as 
the percentage of times a system produces a false match of false acceptance 
error (i.e. an impostor is accepted as a genuine user) (See section 1.4). 
FRR: False Rejection Rate. In the verification task, it can be defined as the 
percentage of times a system produces a false non-match of false rejection 
error (i.e. a genuine user is not correctly recognised) (See section 1.4). 

FW: Feature Warping. Robust feature enhancement which consists in 
transforming the cepstral coefficients so that they follow a specific 
distribution over a window of speech frames. (See section 5.1.1). 
GMM: Gaussian Mixture Model is a probability density function 
represented as a weighted sum of Gaussian component densities. It has 
become the de facto reference method in text-independent speaker 
recognition, but it is also used in other biometric systems. (See section 3.3). 
JFA: Joint Factor Analysis. In speaker recognition it aims at modelling 
speaker and session variability in generative-based models through the use 
of traditional statistical methods. (See section 3.5.1). 

HMM: Hidden Markov Model. Stochastic model that can efficiently model 
temporal sequences of events. (See section 3.2). 

HTK: Hidden Markov Model Toolkit (http://htk.eng.cam.ac.uk/) is a 
portable toolkit for building and manipulating hidden Markov models. 
HTK is primarily used for speech recognition research although it has been 
used for numerous other applications including research into speech 
synthesis, character recognition and DNA sequencing. (See section 3.2.3). 
LDA: Linear Discriminant Analysis. Widely used technique in the field of 
pattern recognition both for better discrimination between different classes 
and for dimensionality reduction. The main goal of LDA is to find a 
transformation matrix W such that when applied to the original feature 
space, the between-class variance is maximised while the intra-class 
variance is minimised. (See Section 3.5.2) 
LLR: Log-likelihood ratio. Applied to speaker recognition, it represents 
the logarithmic form of the likelihood ratio which express whether the 
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observed data is more likely to be produce by the target speaker or by the 
alternative model.  
MAP: Maximum A Posteriori. In speaker recognition applications it is 
used to derive a speaker model from a universal background model. (See 
section 3.3.2). 

MFCC: Mel-Frequency Cepstral Coefficients. 
NAP: Nuisance Attribute Projection. Mathematical method used to find a 
transformation from the original expanded space into a subspace in which 
the unwanted variability is removed. (See section 3.3.2). 

NIST: National Institute of Standards and Technology. A non-regulatory 
federal agency within the U.S. Department of Commerce that works with 
industry to develop and apply technology, measurements, and standards. 
(www.nist.gov). 

PCA: Principal Component Analysis. Mathematical method aiming to 
reduce dimensionality of data while preserving the information on the data 
set, but also used to identify patterns in the data. (See section 3.5.1) 
RASTA: RelAtive SpecTrA. RASTA filtering consist in the application of 
a IIR filter in order to remove spectral components that changes at different 
rate than the one present in speech, i.e. tries to remove convolutional and 
additive noise (See section 5.1.1). 
SRE: Speaker Recognition Evaluation. An ongoing series of evaluations of 
speaker recognition systems. 
SVM: Support Vector Machine. Discriminative two-class classifier whose 
purpose is to model the boundaries between two classes as a separating 
hyperplane. (See section 3.4) 

UBM: Universal Background Model. In speaker recognition applications it 
is used to refer to the entire space of possible alternatives to the 
hypothesised speaker. (See section 3.3.2) 
WCCN: Within-Class Covariance Normalisation. Compensation technique 
used to identify and weight orthonormal directions in feature space that 
maximise task-relevant information while minimizing a particular upper 
bound on error rate. It is used to remove channel effects on speaker 
recognition task. (See Section 3.5.2) 

II.2.2. Terms 
Authentication: Term used in biometrics as a generic synonym of 
verification (See Verification). 

Behavioural Biometric Characteristic: Any biometric characteristic that 
is learned or acquired by an individual over the time. (See Section 1.4.1) 

Biological Biometric Characteristic: Any biometric characteristic that is 
primarily based on anatomical or physiological characteristics. (See 
Section 1.4.1) 
Biometrics: General term that can be used indistinctly for 
(www.biometrics.gov): 
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 A measurable biological or behavioural characteristic of an 
individual that can be used for recognition purposes. 

 Automated process for recognizing an individual based on 
physiological or behavioural characteristic. 

Biometric System: Automated system aimed to determine the identity of 
an individual based on one or more biological or behavioural 
characteristics. Specifically the system must be capable of 
(www.biometrics.gov): 

 Capturing a biometric sample from an end user. 
 Extracting and processing the biometric data from that 

sample. 
 Storing the extracted information in a database. 
 Comparing the biometric data with data contained in one or 

more references. 
 Deciding how well they match and indicating whether or not 

an identification or verification of identity has been achieved. 
Database: A comprehensive collection of data organised for ease and rapid 
access, generally in a computer. 
DET Curve: The Detection Error Trade-off curve represents FRR and 
FAR on a non-linear scale (see Section 1.4). 
Enrolment: Process in which biometric samples from an individual are 
captured in order to get a biometric template that can be stored in a 
database fort later access.  

Feature: Distinctive mathematical characteristic derived from a biometric 
sample. 

i-vector: Applied to speaker recognition, set of total factors that 
simultaneously represent speaker and channel variability (See section 
3.5.2) 
Identification: A one-to-all comparison performed by a biometric system 
to identify a person by searching within the templates of all enrolled users. 
We can distinguish between closed-set identification and open-set 
identification. In the former case, the target individual is known to be 
present in the database so an exact identification is possible, whereas in the 
later case there is no warranty for the target speaker to be in the database, 
so “unknown individual” can be a possible output of the system. 

Impostor: Person who attempt to claim a false identity against a biometric 
system no matter whether in an intentional way or not. 

Matching: In biometrics, it can be defined as the process of comparing a 
biometric sample with a previously acquire template to provide a measure 
of similarity. 
Model: In biometrics, it can be defined as mathematical representation of 
an individual’s distinguishing features extracted from a biometric sample. 
Recognition: Generic term used to describe a biometric system that refers 
to its main function, regardless whether it is set to operate in verification, 
closed-set identification or open-set identification mode. 
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Threshold: User defined operating point for verification or open-set 
identification tasks in biometric systems. In other words, the acceptance or 
rejection of biometric data is dependent on the match score falling above or 
below the threshold. Thus there is always a trade-off between false match 
rates and false non-match rates in every security system. 
(www.biometrics.gov) 
Score: Value provided by a biometric system reflecting the similarity 
between an input biometric sample and a stored template. 
Speaker Recognition: Biometric process aimed at determining the identity 
of an individual through the voice. 
Speech Recognition: Automatic process to identify spoken words.  

Supervector: Term used in speaker recognition to refer to a vector that 
provides a robust representation of utterances through the use of just a 
single vector in a high-dimensional space, allowing sequences of different 
durations to be compared and classified directly using traditional machine 
learning approaches, such as SVMs. (See Section 3.5.1) 
Verification: A one-to-one comparison performed by a biometric system 
to determine whether the captured data provided by an individual 
corresponds to the stored biometric template of the person’s claimed 
identity. 
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