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Abstract 
 

Automatic Speaker Recognition (ASR) is a process of recognizing speakers from their 

voices. Speaker recognition is a biometric system that uses human voice for the recognition 

process. The research work investigates into speaker recognition by means of temporal 

phase-based features, prosodic features, and spectral features. Speech characteristics are 

represented by measurement of temporal phase, pitch contour, energy contour and duration 

of speech sound. First, the baseline ASR system is built using a filter bank feature (Mel 

Frequency Cepstral Coefficients- MFCC) with a traditional Gaussian Mixture Model- 

Universal Background Model (GMM-UBM) classifier. In cepstral features, only the 

magnitude spectrum of the speech signal is taken into account to extract the features and 

ignore the phase component. However, it is proven that the phase of the speech signal also 

has equal importance and thus, it can be used for the speaker recognition tasks. First, we 

discuss, features derived from the temporal phase of the speech signal. Performance and 

effectiveness of the temporal phase feature is evaluated on IITG-MV (IIT Guwahati 

MultiVariability) database using the GMM-UBM approach. Fusion of proposed features 

with cepstral features gives reduced Equal Error Rate (EER) and better Identification Rate 

(IR) than cepstral features only.  

 

Speaker recognition systems are vulnerable to a mismatch in training and testing conditions. 

Effect of speaking style on the performance of Speaker Verification (SV) and Speaker 

Identification (SID) is investigated with a whisper and fast speech using cepstral features. 

The performance of the system is assessed on the CHAINS (CHAracterizing INdividual 

Speakers) dataset. A relative comparison of experiments on speaker recognition under 

mismatch speaking style is presented. The effect of different speech recording device 

during training and testing is also explored. Till date, a lot of work has been done in the 

ASR field, but the problem is yet to be solved for channel mismatch, speaking style, and 

speaking rate mismatch condition.  

 

Cepstral feature-based system performance degrades if the speech signal has any noise. As 

this is evident from the literature that the prosodic features are more robust to noise, the 

speaker recognition system is built by modeling prosodic features to enhance the 

performance of the system. Prosody is associated with the linguistic unit and can be 
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measured in terms of changes in fundamental frequency (𝐹0), duration and energy. The 

results are not compatible with the state-of-the-art cepstral features. However, they are 

promising and fusion of prosody features with cepstral features gives improved results. This 

thesis work deals with analysis, design, development and performance investigations of the 

speaker recognition system.  

 

Keywords:  Automatic Speaker Recognition, Speaker Verification, Mel Frequency Cepstral 

Coefficients, Speaker Identification, Gaussian Mixture Model-Universal Background 

Model, Prosody 
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Automatic Speaker Recognition 

1 
 

 

CHAPTER-1 

 

1                             Introduction 

 
Language is the means by which humans interact, learn and bond using either verbal or non-

verbal form of language communication. Speech is a natural and most powerful way to 

convey information in any language. Speech signal not only conveys message, it carries 

information at different levels, viz., speaker identity, gender of the speaker, age of the 

speaker, language being spoken, dialect of the speaker and emotion of the speaker. Speech 

signals are produced naturally and any special device is not required to generate it.  

 

 

 

 

 

 

 

 

 
 

 
FIGURE 1.1: Some typical speech communication applications 

 

 

 

Few applications of speech processing are shown in Fig. 1.1. This work focuses on the 

speaker recognition. Speech signal conveys linguistic information such as what is spoken in 

which language and paralinguistic information such as name of the speaker, emotion and 

stress level. 
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Introduction 

2 
 

1.1 Automatic Speaker Recognition 
 

Automatic Speaker Recognition (ASR) is a process of recognizing speakers from their 

voices. It is used to answer the question “who is speaking?”. A speaker who is correctly 

claiming his/her identity and known to a speaker recognition system is labeled a claimant.  

A speaker who is unknown to the system and claiming as a known speaker is labeled an 

imposter. Two persons cannot sound identical due to the acoustic properties of the speech 

signal. Speaker’s voice is unique to an individual due to differences that occur as 

physiological differences inherent in the vocal tract. It also depends on the cultured speaking 

behaviors (dialect, use of vocabulary, accent, etc.), their cultural or sociological or economic 

and educational background. ASR systems use these features and attempting to achieve 

accurate recognition. ASR systems have come out as an important means to identify/ verify 

a person in many applications like forensic, law enforcement, phone banking, voice dialing, 

and database access service. The telephone-based services with built-in speech recognition, 

speaker recognition, and language recognition have many advantages over human-operated 

systems. It is difficult to handle the number of phone calls at the same time in the human-

operated system. Speaker recognition is a biometric system that can be used remotely unlike 

other biometrics systems (e.g. irises, fingerprints, facial features). Speaker recognition 

system can be classified as [1] 

1) Text- dependent system 

2) Text- independent system 

 

In the text-dependent speaker recognition system, the spoken phrases used in testing are a 

subset of the ones used in the training phase, the users are considered co-operative. In the 

text-independent system, recognition phrases are not known, speakers are considered non 

co-operative and it is considerably more difficult of the two tasks. In addition to phonetic 

variability in the text-independent system, there are other factors such as changes in acoustic 

environment, “within-speaker” variability, changes in technical factors (channel, speech 

data quality, transducer) also affect to the accuracy of the system. The within-speaker 

variability refers to a state of health, mood, aging of the speaker. The text-dependent system 

is having high recognition accuracy and that’s why it is more suited for practical 

authentication applications. However, text-independent speaker recognition also has its 

usefulness in forensic, call centre application including caller verification in internet 
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banking. The problem of speaker recognition encompasses of the following two tasks 

namely 

1)  Speaker Identification (SID) 

2)  Speaker Verification (SV).  

 

The speaker identification system identifies the speaker form the set of enrolled speakers. It 

is a priory identity claim in which the system decides who the speaker is or whether the 

speaker is unknown to the system. In SID, we need to compare the speaker’s identity with 

each of the models of enrolled speakers which are stored in the system and choose which of 

known voices best matches a test voice. On the other hand, SV is the process used to grant 

access to a claimed speaker in restricted areas. In SV, the speaker is always cooperative as 

he/she wants to get access to the restricted area. Hence, SV system is required to test a 

pattern corresponding to the claimed identity and take the decision of whether to reject or 

accept the speaker. Hence the SV system is independent from a number of the enrolled 

speaker (1:1 matching) whereas in the SID system, the computation will increase with the 

increase in the number of enrolled speakers (1: 𝑁 matching) and error rate rises with 𝑁. SV 

and SID system is briefly described in section 1.1.1 and 1.1.2. 

 

1.1.1 Speaker Verification System 
 

A typical SV system mainly operates in two modes: (1) speaker enrollment mode; and (2) 

speaker verification mode as shown in Fig. 1.2. In the enrollment/training mode, first the 

speech utterance of a speaker is fed to the feature extraction module. Feature extraction 

maps each interval of speech to a multidimensional feature space. Generally, small segment 

of speech typically 10 to 30 ms is considered and it is referred to as a frame of speech signal.  

The sequences of extracted features are used to train a speaker-specific statistical model in 

enrolment mode. To enhance the efficiency and robustness of the SV system, a Universal 

Background Model (UBM) is developed which is trained with speech samples from a large 

set of speakers referred to as background speakers, to represent general speech 

characteristics. For example, background speakers could be used as the negative speakers 
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in the preparation of a discriminative model [1], or in developing a universal background 

model from which target speaker models are adapted [2].  

 

Feature 
Extraction

Speaker enrollment

Offline phase

Online phase

Feature 
Extraction

Training 
Algorithm

Background 
Model

Input Speech

Model 
adaption Target ModelTarget Speech

 

 

Feature 
Extraction Simiarity Dicision

Threshold

Speaker ID
# M

Reference Model
(Speaker #M)

Input Speech Accept/Reject

Speaker Verification  

FIGURE 1.2: Speaker verification system [1],[3] 
 

 In the speaker verification mode, first the claimant speaker gives the simple speech 

utterance of preferably a password. The speech utterance is divided into the number of 

frames and feature vectors are evaluated for each frame. These feature vectors are compared 

against a model of person-specific feature characteristics and a person-independent UBM 

model to compute the match score when making an accept or reject decision. Before 

deciding an acceptance or a rejection, the score is normalized and integrated over the entire 

utterance [2].  
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1.1.2 Speaker Identification System 
 

The speaker identification system is shown in Fig. 1.3. A typical SID system has two modes 

of operation: (1) Speaker enrolment mode; and (2) Speaker identification mode. In the 

enrollment phase, speaker-specific models are developed in the same way as in the 

enrollment mode of the SV system. 

Feature 
Extraction

Speaker enrollment

Offline phase

Online phase

Feature 
Extraction

Training 
Algorithm

Background 
Model

Input Speech

Model 
adaption Target ModelTarget Speech

 

 

FIGURE 1.3: Speaker identification system [1],[3] 
 

In the speaker identification mode, a speech utterance from an unknown speaker is used to 

find the speaker’s identity. The speech utterance is divided into a number of frames and 
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feature vectors are evaluated for each frame. The feature vectors so computed are compared 

with the speech model of all known speakers which are stored in the system. Once the scores 

of all speaker’s models are evaluated, the one with the minimum score is considered as the 

identity of an unknown speaker. This is the case of “close-set” speaker identification where 

we consider that the claimant speaker model is already stored in the system. The second 

case of speaker identification is “open-set” where it may possible that the reference model 

of an unknown speaker does not available in the system. In such a case, an additional 

decision like “the unknown does not match any of the stored models” is required. 

 

1.2 Fundamentals 

 

An ASR system mainly consists of following steps: 

1) Extraction of features which includes speaker specific information 

2) Feature matching  

3) Calculate score 

4) Make a decision  

 

1.2.1 Feature Extraction 
 

Each individual has some trademark characteristics in their voice that are unique. It is hard 

to separate individual speaker qualities. These qualities are exceptional basically because of 

different speakers have different vocal tract physiology and the cultured speaking behaviors. 

It is mentioned that even indistinguishable twins have contrasts in their voices despite the 

fact that they have comparative vocal tract shape and acoustic properties. Thus, some 

quantifiable and distinct aspects of speech should be considered to recognize various voices 

in speaker acknowledgment of whether the acknowledgment is performed by people or by 

machines. These characterizing aspects are referred to as the feature parameter. In the 

feature extraction process, a sequence of feature vectors from the raw speech signal is 

derived in which unique information of the speaker are accented and redundancies are 
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suppressed [3].  Accuracy of the system depends on how accurately feature vectors are 

extracted. As mentioned in [4],  the ideal features would have following qualities. 

1) It should have high inter-speaker variability and low intra-speaker variability. 

2) Not susceptible to mimic. 

3) It should be extracted easily from the speech signal. 

4) It should occur naturally and frequently in the speech signal.  

5) Give better performance under noisy conditions. 

6) Speaker-dependent information should not be affected by the speaker’s health and 

mood. 

7) It should be robust in different transmission characteristics. 

 

The same set of characteristics in the context of features for speaker recognition is discussed 

in [5]. Various features are proposed and categorized mainly in five categories: (i) Spectral 

features like MFCC, LPCC (Linear Prediction Cepstral Coefficient) (ii) voice source feature 

like residual phase (iii) dynamic features like time derivatives of spectral features (iv) 

Prosodic features like fundamental frequency (𝐹0), energy distribution, duration (v) high-

level features like idiolect, accent, pronunciation is used to characterize the speaker. Among 

all the features, MFCC is the most generally used for speaker recognition [6].  

 

1.2.2 Feature Matching 
 

We can characterize feature matching as a procedure of depicting the feature properties for 

a given speaker. The feature vectors extracted from the training speech signals are used to 

develop a model of the speaker in the ASR system. These models are stored in the system 

for further use. During the verification phase of the SV system, feature vectors of unknown 

speakers’ utterance are compared with the claimed model and the unknown speaker is 

verified. In the identification phase of the SID system, feature vectors of unknown speakers’ 

utterances are compared with all models developed during the enrolment mode of the 

system. 

The model of text-dependent speaker recognition is utterance-specific. It includes the 

temporal dependencies between the feature vectors. Text-dependent speaker verification 
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and speech recognition do share the similarities in their pattern matching processes and can 

also be combined. The training and testing utterances of the text-dependent recognition can 

be temporarily aligned as they carry similar phoneme sequences. Whereas the frames of the 

test and reference utterances have hardly any correlation in text-independent recognition. 

Hence, in the text-independent system, the frame-level alignment is unattainable and feature 

distribution is modeled instead of temporal dependencies between the frames.  

Typical speaker models are broadly classified as template models and stochastic models [1]. 

In template models, the similarity between the feature vector of training and test feature 

vectors are measured and the distance between them represents the degree of similarity. The 

template model used for text-dependent recognition is Dynamic Time Warping (DTW) [7]  

and Vector Quantization (VQ) [8] is used for text-independent recognition. According to 

the acoustic feature vectors, stochastic models capture the empirical probability density 

function. The probability of the test utterance with respect to the model is usually assessed 

for matching. The Hidden Markov Model (HMM) [9]  and the Gaussian Mixture Model 

(GMM) [2]  are the most prominent models for text-dependent and  text-independent 

recognition respectively.  

Based on the training paradigm, speaker models further categorized into generative models 

and discriminative models. GMM and VQ are the generative models that make an estimate 

of the feature distribution within the speaker. The discriminative models such as Artificial 

Neural Networks (ANNs) [10] and Support Vector Machines (SVMs) [11] model the 

boundary between speakers. 

 

1.3 Applications of Speaker Recognition 
 

Recently, as the use of mobile phones increases day by day and our cell phone devices 

contain so much sensitive information, it will become vital that efficient biometric 

authentication will be integrated along with the traditional password authentication system 

for the privacy of the files and information contained on the device. In the last few years, 

the speaker recognition system is widely adapted in a biometric system. It has more benefits 

over other biometrics such as fingerprints, face recognition and iris scans. The prime 
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advantage of speaker recognition over other biometric is high acceptance level and non-

invasive character of speech acquisition. There is no need for expensive equipment and 

direct involvement of speakers for the development of this system. Speaker recognition has 

an inherent capacity to eliminate the need of carrying a debit card, credit card and passwords 

for bank transition and various online services. Speaker recognition technology is very 

useful in consumers’ daily life. Due to continuous improvement in its reliability, it is 

acceptable in commercial sectors too. Speaker diarization is one of the applications of 

speaker recognition in which input audio stream is partitioned into homogeneous segments 

according to the speaker identity in teleconferencing especially. One can use speaker 

recognition to recognize a speaker from spoken documents such as a teleconference 

meeting, video clips. Speaker recognition is also used significantly in forensics, national 

security, and law enforcement. Ove a number of years, various strategies are developed to 

mitigate the difficulties observed in forensics. The forensic and automatic speaker-

recognition researchers have developed different methods more or less independently for 

several decades. 

Thus, the use of speaker recognition is continuously increasing. There are many areas where 

speaker recognition can be used such as in access control, transaction authentication, law 

enforcement, speech data management, personalized user interface in voice-mail system, 

voice based indexing, etc.  

 

1.4 Motivation 
 

ASR is probably the most natural and economical method for solving the problems of 

unauthorized access in a confidential area. Biometric systems automatically recognize a 

person by using distinguishable traits. Speaker recognition is the performance biometric, i.e. 

where you speak to be recognized. Your voice like other biometric cannot be forgotten 

(unlike password) or misplaced (unlike key). The field of speaker recognition has been 

evolved significantly over the past two decades but still, it is challenging to develop an 

efficient speaker recognition system that can be used in practice. A brief probe analysis of 

scream and speaker recognition technology confirmed the limitations of current technology. 

Research has shown that the performance of speaker recognition system changes with 
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intersession variability, the inherent changes present within audio files captured. With 

smartphone technology dominating the world’s telecommunications market, the diversity 

of telephony scenarios has expanded considerably compared to earlier handheld rotary 

phones in the home and public booths. All cell phones have a speaker which allows voice 

interaction at a distance, and movement of the cell phones introduces a wider range of 

channel variability. 

 Recently, there has been great interest in considering the ability to perform effective 

speaker identification when speech is not produced in "neutral" conditions. Effective 

speaker recognition requires knowledge and careful signal processing/modeling strategies 

to address any mismatch conditions that could exist between the training and testing 

conditions. In this work effect of whisper speech and fast speech on speaker identification 

and verification is observed.  Also, the performance of the system is checked for mismatch 

conditions.  

The human speech production system mainly consists of a vocal tract system and excitation 

source e.g. source for exciting the vocal tract resonator. The vocal tract system behaves like 

a time-varying filter during speech production. The speech output is a combination of a 

source of sound modulated by a transfer function of vocal tract shape. This model is often 

referred to as the “source-filter” theory of speech production [12]. The variations in the 

vocal tract shape in the form of resonances and anti-resonances are characterized by time-

varying filter. In this study source and vocal tract (system) based features are used 

considering the speech production phenomenon. 

 

1.5 Definition of the Problem 
 

The aim of this research study is to perform an analysis of the existing speaker recognition 

system and find the effective features that will improve the performance of the speaker 

recognition system, reduce the equal error rate of the speaker verification system, and give 

a higher identification rate of the speaker identification system. From the deep literature 

review, the facts have been identified that feature extraction is a key process of the speaker 

recognition system. Many feature extraction methods have been proposed in the literature. 

In the most efficient spectral feature MFCC, only the magnitude spectrum is considered 
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and the phase information is neglected. In this work feature derived from the temporal phase 

is proposed and system efficiency is checked on the CHAINS and IITG-MV database. Also, 

several approaches have been made to extract prosodic features from speech and used for 

language identification and speaker identification. The prosodic feature of the speech signal 

which captures speaker-specific information is presented in this research work and it would 

be able to give better performance of the speaker recognition system. Furthermore, the 

performance of the system degrades if the different speaking style is utilised in the training 

and testing phase of the speaker recognition system. Effect of whisper, fast and normal 

speaking style on the performance of the speaker recognition system is analyzed critically 

in which mismatching of speaking style in training and testing phase is considered. 

 

1.6 Objective and Scope of Work 
 

A close look at this research study reveals the following objectives: 

1. Build a state-of-the-art speaker recognition system. 

2. Implement a system with the most popular features, evaluate their performance 

using the standard benchmark functions, and compare their performance. 

3. Development of the robust Speaker Recognition System using a feature based 

approach.  

4. Explore the performance of the ASR system for different speaking styles, session 

variability and examine the effect of different speaking styles on speaker recognition 

system performance. 

5. Analysis of the consequence of mismatch in sensors and speaking style during 

training and testing. 

6. Obtain the feature from the temporal phase of the speech signal, which accurately 

represents speaker information from the speech signal and would be able to fulfill 

the criteria of good feature for speaker-specific information. 

7. Explore the prosodic features and its performance analysis on the speaker 

recognition system. 

8. Design of the robust speaker recognition system that is to be used in practice. 

9. Comparison of various features on the performance of the speaker recognition 

system. 
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1.7 Contributions from the Thesis 
 

The main focus of the thesis is the development of suitable features for speaker recognition 

task which give better performance. System-based and source-based features are proposed 

here.  

 MFCC of temporal phase coefficients (MFTPC): This work proposes extracting 

features using the temporal phase measure from the speech signal. The MFTPC 

feature vector is extracted by taking the Mel frequency cepstral coefficient of the 

temporal phase. The performance of the system with temporal phase features has 

been compared with the MFCC features.  

 Prosodic features:  These features depend on the learned traits of the speaker as 

well as acoustic traits of the voice such as loudness, pitch, and variations in syllable 

length. In this work, extraction and modeling of prosodic level attributes are 

proposed and prosodic information extracted from the speech is added to the spectral 

features which are the richest source of information for speaker recognition to 

improve the overall performance of the system. 

 Score-level fusion with MFCC features:  Fusion of proposed features with the 

state of the art MFCC features to achieve the gains in the performance of the system 

is represented. 

 Comparative study: Comparative analysis of the system with different features has 

been carried out to show the effectiveness of proposed MFTPC and prosodic 

features. 

  The performance of the system with whispered and fast speech data have been 

analysed and the effect of mismatch in speaking style and sensor mismatch has been 

observed.  

 

    Finally, the performance of the systems with different features has been evaluated on the 

CHAINS and IITG-MV database.  
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1.8 Thesis Organization 
 

The thesis is organized as follows: 

 

Chapter 2 discusses the overview of the speech production system. It presents the literature 

survey on the state-of-the-art speaker recognition systems. The basic concepts of feature 

extraction and modeling techniques are discussed here. The performance measures in terms 

of Detection Error Trade-off (DET) curve, Equal Error Rate (EER), and Identification rate 

are discussed. 

 

Chapter 3 includes the details of the experimental setup used in this work. It describes the 

databases and classification methods that will be used through the thesis. The brief details 

of the Gaussian Mixture Model- Universal Background Model (GMM-UBM) based 

classification system are given. It explores the various types of phase exist in system theory 

and detailed description of them in an area of speaker recognition. It includes the extraction 

of MFCC features, LPCC features, and the proposed MFTPC features, the experimental 

results of all features are presented and discussed.  

 

Chapter 4 gives the details of the effect of speaking style on the performance of the speaker 

recognition system with whispered and fast speech using system-based features. It 

represents the experimental results under the mismatching speaking style.  

 

Chapter 5 presents the implementation of a prosodic speaker recognition system. 

Experimental results with proposed prosodic features and also its fusion with cepstral 

features are analysed here.  

 

Chapter 6 summarizes and concludes this work. It also provides a possible future scope to 

extend this work.  
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CHAPTER-2 

 

2 Literature Review 

 

2.1 Introduction 
 

This chapter discusses the  literature survey on the speaker recognition system. A literature 

review is a continuous process which has been carried out throughout the course of research. 

The main objective of this section is to offer enough background information on the speaker 

recognition system. The literature review of this research work is divided into four different 

phases. Table 2.1 shows section-wise details about these phases with their objectives and 

outcomes. 

 
TABLE 2.1: Different phases of literature review 

Phase 
Area of 

Literature Review 
Objective Outcomes 

1 
Automatic Speaker 
Recognition 
System 

To understand the concept of Speaker 
recognition system. 

Feature extraction and 
feature modeling techniques 
determine the efficiency of 
the speaker recognition 
system.  

2 
Feature extraction 
method 

To study different feature extraction 
method and find the capable and stable 
features for the speaker recognition 
system. 

Different system based and 
source based features are 
studied. 

3 Speaker Modeling 
To find commonly used modeling 
techniques. 

Brief awareness of different 
speaker modeling techniques   
is gained. 

4 
Effect of mismatch 
in training and 
testing condition 

To  study the parameters affecting the 
ASR system  if mismatch in training and 
testing does exist. 

Effect of mismatch in 
speaking style, speaking rate 
and sensor mismatch is 
studied. 
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In the last three decades, speaker recognition has been explored by many industries, 

universities, institutes, and research centres. Texas Instruments (TI); At & T; Nippon 

Telegraph and Telephone (Japan); Nagoya University (Japan); Rutgers University; 

Massachusetts Institute of Technology Lincoln Labs; the Dalle Molle Institute for 

Perceptual Artificial Intelligence (Switzerland); and Rensselaer Polytechnic Institute have 

researched and developed several creations of speaker-recognition systems. National 

Institute of Standards and Technology has been coordinating Speaker Recognition 

Evaluations since 1996. In this chapter, various approaches are concisely covered and 

selected chronological progress of ASR is discussed. An exhaustive review has been done 

on speaker recognition techniques during the initial phases of research work. As the outcome 

of the literature survey it has been concluded that speaker recognition primary focused on 

speaker verification, speaker identification, text-dependent, text-independent, etc. based 

speaker recognition system. 

 

2.2 Speech 
 

Over the years, speech has evolved as a primary form of communication between humans. 

Human voice and speech are one of the most important and interesting phenomena which 

have been studied since the last few decades.  As this research work is oriented on the speech 

signal, first the speech signal production and its perception are discussed shortly. 

 
2.2.1 Speech Production 
 

The human speech/voice production system is shown in Fig. 2.1. This system is capable of 

producing a number of distinct sounds. The major three subsystems that contribute to speech 

production are namely: respiratory subsystem (diaphragm, lungs), a laryngeal subsystem 

(larynx) and articulatory subsystem (oral/nasal cavities, soft/hard palate, tongue, jaw, lips, 

and teeth). The creation of speech signal formation originates as the air is forced from lungs 

upward against the gravity into the larynx. It goes through the trachea, the pharynx, and the 
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oral and nasal cavities. Air is forced by the oral and nasal cavities through the lips to produce 

vocal sounds. 

 

FIGURE 2.1: An overview of speech production system  [12]  

Depending on the vibration of vocal cords either voiced or unvoiced sound is generated. 

The oscillations of the vocal cords depend on the tension of the cords which is primarily 

controlled by muscles within the folds and the mass of the vocal cords.  These oscillations 

are also governed by the Bernoulli effect of the air passing through it. The opening and 

closing of the cords breaks the air stream impulses. The loudness and pitch of the speech 

signal determine the duty cycle and shape of these impulses. The fundamental frequency of 

the glottal pulse is defined as the pitch of the speech signal.   

The basic assumption that the vocal tract and excitation source are independent is the basis 

of one of the most fundamental models used in speech technology. This assumption of 

independence allows us to consider the speech production system as a linear convolution of 

a source signal and vocal tract system. A source signal can be a glottal pulse or a random 

noise signal. This linearized model is commonly referred to as a source-filter model for 

speech production as shown in Fig. 2.2. This model can be used for a short segment of 

speech i.e. around 10 ms, for which the parameters of vocal tract remain almost constant. 
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FIGURE 2.2: Source-filter model of speech production  

 

2.2.2 Speech Perception 
 

Feature-level representation of the speech uses some clues of the human speech perception 

mechanism, a brief information of the internal structure of the human ear is presented in 

Fig. 2.3.  Anatomically, the ear has three different parts: the outer, middle and inner ear. 

 

FIGURE 2.3: Anatomy of the human ear [13]  
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The outer ear is also called auricle or pinna which is connected with a short external auditory 

canal, the end of which is closed by a membrane, commonly called the eardrum. The sound 

comes via the outer ear, travels through the ear canal and makes their way toward the middle 

ear. When sound waves reach the eardrum, they cause the eardrum to vibrate. These sound 

vibrations are carried to the three tiny bones - the malleus (hammer), incus (anvil), and 

stapes (stirrup), of the middle ear. The middle ear is a narrow air-filled cavity in the temporal 

bone. The middle ear's main job is to take the sound waves, turn them into vibrations, and 

deliver them to the inner ear. The middle-ear also protect our hearing from high-intensity 

sounds if needed. The inner ear consists of the cochlea - a spiral-shaped cavity, which is 

filled with liquid. The cochlea is lined with cells that have thousands of tiny microscopic 

hairs on their surface. When the sound vibrations hit the liquid, the liquid begins to vibrate 

in different patterns depending on the incoming sounds. The vibrations cause the sensory 

hairs in the cochlea to move - sound vibrations are transformed into nerve signals and 

delivered to the brain via the hearing nerve. 

 

2.2.3 Properties of Speech Signal 
 

The speech signal is continuously changing signal hence it is non-stationary in nature. It is 

observed that vocal tract shape and its mode of excitation changes relatively slow in time.  

The speech signal is considered to be quasi-stationary over short segments of time period 

typically 10-30 ms. From the physiological acoustic point of view, voiced sound units can 

be defined as complex tones composed of more frequency components. Unvoiced sound 

units are noise-like signal. These basic properties allow the use of discrete-time speech 

processing approaches such as segmentation of speech signal, usage of Fourier transform 

and other signal operation. 

 

2.3 Development of Speaker Recognition System 
 

The earlier work on ASR was reported in the 1960’s. The first study on speaker 

identification was done by Kersta [14] in 1962 using the spectrogram method and the first 
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study on speaker verification was reported by Li, et al. [15] in 1966. A spectrogram is a 

graphical display of the magnitude of the time-varying spectral characteristics. It represents 

the “energy density” and the frequency of a speech signal with respect to time. In Kersta’s 

method, a spectrogram was inspected for pattern matching and scored by an interpreter. In 

the 1960’s, several other developments done which would eventually contribute to 

automatic speaker recognition. In 1960, a physiological model of the human speech 

production system was developed by Gunnar Fant [16]. This model sets a basis for 

understanding speech analysis for speaker recognition and speech recognition both. This 

model often referred to as a source-filter model for speech production [12]. The timeline of 

major speaker recognition advances which plays a key role in the advancement of the 

speaker recognition domain is shown in Fig. 2.4. 

 

 

FIGURE 2.4: Timeline of major advances in speaker recognition  [17] 

 

Developments in the field of the computer were also done in the same time period which 

overcomes the problem of implementation of continuous-domain and implementation were 

1937
•First academic research in speaker recognition

1946
•Development of Spectrogram at Bell Laboratories

1960 •Fant’s physiological model of speech 

1962
•Kersta’s “Voiceprint” Article

1963
•Cepstrum was developed

1965
•FFT was developed

1971
•Doddington’s text-independent system at TI

1979
•Support Vector Machine

1981
•Cepstrum-based system

1988 •Introduction of score normalization

1992
•GMM based system

1996
•First NIST SRE

2003 •Super SID
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inclined in a discrete word as the computer became more accessible. In 1965, Cooley and 

Tukey published a method of digital implementation for the Fast Fourier Transform (FFT) 

[18]. This paper described a method for the analysis of the signal in the frequency domain 

in a computer-based system. In1963, a research paper on echo detection in seismic signals 

titled “The Quefrency Analysis of the Time Series for Echos: Cepstrum, Pseudo-Auto-

Covariance, Cross-Cepstrum, and Saphe Cracking” was published by Bogert, Healy, and 

Tukey [19]. It gave a method of echo detection by considering the “spectrum” of a log 

magnitude spectrum. In 1969, the  use of the cepstrum was proposed to determine the pitch 

of a signal by Michael Noll [20]. Ronald Schafer who joined Oppenheim research which 

led to the complex valued Fourier transform of magnitude spectrum known as Complex 

cepstrum. Oppenheim and Schafer used cepstral analysis to model speech based on Noll’s 

pitch detection method [21],[22]. Later the developed cepstral speech model was used as an 

important tool for speaker recognition systems. 

The advancement in the area of speaker recognition has been shown in Table 2.2. In table 

2.2 following terms are used to define the columns:  “study” refers to a citation in the 

references, “org” refers to lab or institute or university, “database (population)” refers to 

which database and how many number of test subjects used for speaker 

verification/identification, “features” are the signal measurements, “classifier” refers to the 

type of pattern recognition system used in ASR system (e.g., GMM, DTW, etc.), “input” is 

the recording environment of speech (office, laboratory, telephone), “text-type” shows 

whether a text-independent  or text-dependent speaker recognition task, “accuracy” refers 

to equal error rate for speaker- verification systems ‘v’ or the percentage identification rate 

for speaker-identification systems ‘i’. To be focused here some selected and significant 

works have been shown in the table. 

 

Atal introduced Linear Prediction (LP) based features viz., LPC, impulse response function, 

the autocorrelation function, the area function and LPCC for ASR in 1974 [23]–[26]. Atal 

investigated that amongst all LP-based features, cepstrum information was found to be the 

most effective [23]. 
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TABLE 2.2: Selected chronological progress of ASR systems [1] 

 

Study Org Database  

(Populati

on) 

Features Classifier/ 

Feature 

modeling 

Input Text Type Accuracy 

(in %) 

B. S. Atal 
1974 [23]   

AT&T 10 
speakers 

LP Cepstrum Pattern 
match 

Lab Dependent I: 2% 
V: 2% 

Doddingto
n 1985 [27] 

TI 200 Filter-bank DTW Lab Dependent V;0.8% 

Reynolds 
1995 [28] 

MIT-LL 51  
 

Mel- 
Cepstrum 

HMM 
(GMM) 

Telepho
ne 
 

Independe
nt 

I: 0.4% 

Reynolds, 
et 
al. 2000 
[2] 

MIT-LL 600 Mel- 
Cepstrum 
+d-cep 

GMM-

UBM 

Telepho
ne 
 

Independe
nt 

V:10% 

Campbell, 
et 
al. 2002 
[29] 

Motorol
a 
Lab 
 

138 LP 
Cepstrum 
 

Polynomia
l 
Classifier 

Office 
 

Independe
nt 

V:1% 
I:2.74 
 

Hema A. 
Murthy, et 
al. 2004 
[30] 

IIT 
Madras 

TIMIT, 
NTIMIT 

MFCC(TIMI
T) 
MODGDF(TI
MIT) 

GMM Lab Independe
nt 

98% 
98.5% 

Yegnanaya
na, 
et al. 2005 
[31] 

IIT 
Madras 
 

30 LP based, 
source, Fo 
and duration 

DTW Telepho
ne 
 

Dependen

t 

V: 0.7% 

Mary L., et 

al. 2006 

[32] 

IIT 

Madras 

NIST 

2003 

MFCC 

Prosodic 

MFCC+ 

Prosodic 

AANN Lab Independe
nt 

V:9.5% 

12.4% 

6.5% 

B.Haris, et. 

al. 

2011 [33] 

IIT 

Guwaha

ti 

IITG-MV MFCC+ 

ΔMFCC+ 

ΔΔMFCC 

GMM-

UBM 

Lab Independe
nt 

V:10.3% 

K.Murty, 

et al. 2012 

[34] 

IIT 

Hyderab

ad 

TIMIT 

630 

APCC GMM-

UBM 

Lab Independe
nt 

V:6% 

Sourjiya 

Sarkar, 

et.al. 2013 

[35] 

IIT 

Kharagp

ur 

Broadcast

ed data 

MFCC GMM  Independe
nt 

I:95.21% 

V:11.71% 

T. 

Nagrajan, 

et. al. 2013 

[36] 

SSN 

College 

of Engg. 

Own 

speech 

corpus 

50 

MFCC+ 

ΔMFCC+ 

ΔΔMFCC 

GMM 

i-vector 

Lab Independe
nt 

V:3%(G

MM) 

32.5%(i-

vector) 

 



Literature Review 

22 
 

MODGDF- Modified Group Delay Feature 

DTW- Dynamic Time Warping 

AANN- Autoassociative Neural Network 

APCC- All pass cepstral coefficient  

 

 

The first successful implementation of the ASR system was done by George Doddington 

and his team at Texas Instruments in 1985 [27].  It was a text-dependent speaker verification 

system and they used a digital filter bank for spectral analysis. In this system, verification 

decision was made using a ‘Euclidian distance’ based algorithm and they had reported a 

false acceptance rate and a false rejection rate of less than 0.8%  [27], [37]. The early 

successful speaker recognition systems were text-dependent. Later efforts have been made 

to amend the performance of the early text-dependent systems.  At this time research in the 

text-independent systems did not have promising results. Different methods for feature 

extraction were proposed for text-independent systems. They include spectrum and 

fundamental frequency histograms [38], long-term average spectra [7], [37], and linear 

prediction coefficients [39]. The modeling used in ASR systems has also made significant 

improvements over the years from the simple template-matching approach to Hidden 

Markov Model for text-independent speaker recognition in 1980s. 

 

2.4 Feature Extraction 
 

The first and fundamental step of the speaker recognition system is feature extraction. It 

extracts speaker-specific information from the raw waveform and removes the redundancy. 

It emphasizes the distinct information of the speaker. The extracted features are used to 

create models for different speakers.  Speaker specific information can be categorized into 

“high-level” information and “low-level” information [40], [41]. The “low-level” 

characteristics represent the physical structure of the vocal tract (size of the vocal folds, 

length, and dimensions of the vocal tract) and the “high-level” information convey learned 

(behavioral) characteristics of the speaker such as prosody, education, place of birth, accent, 

pronunciation, etc [42]. These two classes of features differ from each other in terms of the 

time required to extract and process the features The low-level features are estimated over 
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a short period of time (typically 10 to 30 ms) and having relatively low-complexity. Wherein 

speech data of a longer time period is required to extract  high-level features [41]. A short 

overview of these features is described below.  

 

2.4.1 Short-term Spectral Features 
 

The speech signal is a non-stationary signal which changes continuously, and therefore, the 

signal must be segmented in short frames of about 10-30 ms. Within this frame, the signal 

is assumed to remain stationary. Spectral features are extracted from each frame. Each frame 

is pre-emphasized and multiplied by a smooth window function. Then fast Fourier transform 

(FFT), a fast implementation of DFT is taken which decomposes a signal into its frequency 

components [43]. The shape of the magnitude spectrum of DFT contains information about 

the resonance properties of the vocal tract and has been the most informative part of the 

spectrum in speaker recognition [3]. The magnitude spectrum is then processed by a bank 

of band-pass filters. The filters that are generally used are triangular filters. The lower 

frequency range is usually represented with higher resolution by allocating more filters 

whereas fewer filters are allocated for higher frequency range. The so-called Mel-frequency 

cepstral coefficients (MFCC) [6]  has been widely used since then as the state-of-the-art 

feature in many speech processing application like language recognition, speech 

recognition, speaker recognition, emotion recognition, etc.  

Historically along with MFCC, the following spectrum-related speech features have  also 

dominated the speaker recognition areas : Linear Prediction Coefficients (LPC) [44], [45], 

Linear Predictive Cepstral Coefficients (LPCC) [45], [46], line spectral frequencies (LSFs) 

[46] and Perceptual Linear Prediction (PLP) [47] coefficients. Some comparisons between 

spectral features is given in [23], [28], [48], [49]. From this research, one can decide which 

features should be used for speaker recognition and how many coefficients should be 

selected? 
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2.4.2 Voice Source Features 
 

Voice source feature characterizes the voice source (glottal flow) such as glottal pulse shape, 

duration of the vocal fold opening and closing phase, and fundamental frequency. The 

glottal features are not directly measurable. One approach to estimate voice source feature 

is assuming vocal tract and vocal source independent from each other. The linear prediction 

model can be used to estimate vocal tract parameters and inverse filtering of the original 

waveform is taken to estimate the source signal [50]–[52]. Based on the literature, the voice 

source features are not as efficient as vocal tract features but a fusion of these two features 

can improve the accuracy which proves the voice source features contain complementary 

information to vocal tract features [52].  It was suggested in [51] that the less amount of 

training and testing data is required to compute the voice source features compared to data 

required for vocal tract features. 

 

2.4.3 Dynamic Features 
 

The spectral feature set is computed for a frame of the speech signal (25-30 ms), it is shown 

in  [53] that information contained in temporal dynamics of the feature is also useful for 

speaker recognition. A common practice to embed some temporal information to feature is 

through the velocity of the features (known as Δ features) and acceleration of the features 

(known as ΔΔ features[46], [53], [54]. To compute dynamic features, the base coefficients 

are appended with the velocity and acceleration of the features on the frame level which are 

calculated by taking time differences between the adjacent vectors feature coefficients e.g. 

12-dimensional MFCC with Δ and ΔΔ coefficients, imply 36-dimensional features per 

frame. 

 

2.4.4 Prosodic Features 
 

Spectral features are widely used features for speech and speaker recognition, still present 

some limitations. The main drawback of MFCCs is that it is highly affected by noise signals. 
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It does not contain information about phonemes and considers only the magnitude spectrum 

while ignoring the phase spectrum of the speech signal. Prosodic features span over long 

segments like syllables, words, and utterances. Prosody involves pitch, intonation, rhythm, 

syllable length, and formant frequencies of speech. Prosody varies from speaker to speaker. 

The fundamental frequency (𝐹0) is the most important prosodic feature. The fusion of 

spectral features with 𝐹0 related futures outperforms specially in noisy conditions. Other 

prosodic features are pitch, energy distribution, duration (phone duration), and speaking rate 

[40], [55]–[57].   

The mean value of 𝐹0 was used by Reynolds for speaker recognition considering mean of 

𝐹0 conveys larynx size, whereas temporal variations are related to the speaking style [58]. 

Hence, 𝐹0  conveys both behavioral and physiological characteristics of the speaker. 

Multidimensional pitch and other features can be derived by modeling the local and longer-

term temporal information of 𝐹0. Segmentation of pitch contour and parameters associated 

with each segment is used for long-term modeling of 𝐹0  contour [32], [56], [59]. An 

automatic speech recognition system is used for syllable level segmentation of speech [56]. 

The second approach of segmentation  by dividing the speech utterance into syllable like 

units is used by [60] which is an automatic speech recognition free method. 

 

2.4.5 High-level Features 
 

Low-level features characterize the voice of a person whereas high-level features evaluate 

attributes of a person’s speech (use of specific words, accent, length of pauses between 

words, etc.)  The use of high-level features in speaker recognition was done in very early 

investigations but limited success had been achieved in early attempts. With the 

investigation of Doddington on high-level features began the research in this field to 

reappear. High-level features convey conversational-level characteristics of speakers, such 

as the use of a specific word (“ya”, “ok”, “you know”, “got it”, etc.) [61]. In this work 

speaker’s characteristic vocabulary (so-called idiolect) was used to characterize the speaker 

and this study was directed toward the statistics of word sequences as a function of speaker. 

One research project sponsored by  NSF (National Science Foundation) and  the Department 

of Defence, (the Super-SID project) prominent scientists working in the speech processing 
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area had explored the use of high-level features for speaker recognition [40]. In this work, 

they developed various approaches to exploit high-level speaker information and fusion of 

novel features and classifiers drive down the equal error rate over the previous state of the 

art system. 

 

2.5 Speaker Modeling (Classifier) 
 

Once the feature vectors are extracted from the speech signal, the next task of the speaker 

recognition is speaker modeling. In the enrollment phase, the feature vectors of the target 

speakers are used to train the speaker model. In the recognition phase, a speech utterance 

from an unknown speaker is analyzed and features are extracted. It is compared with the 

speech model(s) which are stored in the system to compute the similarity score. The decision 

module takes the final decision based on this similarity score.  

Numerous researches have been carried out to find the ideal classifier which recognizes 

correctly the speaker. Speaker models can be divided into two distinct categories: generative 

and discriminative. During the training phase of generative models, statistical properties of 

speaker-specific speech signals are captured. Whereas during the training phase of 

discriminative models, data corresponding to the target and imposter speakers are involved 

and it estimate the parameters which distinguishes the target speaker’s features from the 

imposter speaker’s features [2], [37], [42]. The popular generative stastical model is GMMs 

and Support Vector Machines (SVMs) is the example of a popular discriminative model. A 

short description of selected modeling techniques is given in the following subsections. 

 

2.5.1 Vector Quantization 

 

The first proposed modeling technique for text-independent speaker recognition was vector 

quantization (VQ) proposed in 1987 [8], [54], [62]. This method is mainly used for data 

compression techniques. In the 1980s, VQ was introduced to speaker recognition [8], [62]. 

It is one of the simplest text-independent speaker models. In this method, average 

quantization distortion is calculated using Euclidean distance between the test utterance 
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features and the reference vectors. A smaller value of distortion indicates the more 

likelihood for test and reference vector. To reduce the dimension of feature vectors, 

clustering algorithms such as K-means are used which is proposed in [63]. Each cluster is 

represented by a code vector and code vector is the centroid of each cluster. The collection 

of all centroid is known as codebook [8], [64], [65]. 

 

2.5.2 Gaussian Mixture Model 

 

Gaussian mixture model (GMM) is a stochastic model that becomes the state-of-the-art 

model in speaker recognition [2], [28]. The GMM can be considered as an extended version 

of the VQ (Vector Quantization) model. It is a probability density function represented as a 

weighted sum of Gaussian component densities. It uses maximum likelihood (ML) 

estimation for estimation of GMM parameters and Expectation-Maximization (EM) 

algorithm [66]  for maximizing  the likelihood with respect to a given data. Another 

improvement on GMM is proposed in [2], in which speech data of tens or hundreds of hours 

is used to first train a speaker-independent universal background model (UBM). While 

enrolling a new speaker, speaker-specific model is developed by adapting the parameters of 

the background model according to the new speaker’s feature distribution. This adapted 

model is then used as the model of that speaker. The MAP-adapted model and UBM are 

coupled in the recognition phase and this method is known as a combined Gaussian Mixture 

Model –Universal Background Model (GMM-UBM). GMM model is computationally 

strong because of its frame-by-frame matching approaches. 

 

2.5.3 Support Vector Machine 

 

Support Vector Machine (SVM) is a most robust discriminative model that has been used 

for many classification applications like face recognition, handwriting recognition, image 

classification, Bioinformatics, etc. It has been also adapted for the speaker recognition task. 

It can be used with cepstral features, prosodic features, and high-level features. SVM is a 
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binary classifier.   SVM creates a line or hyperplane which separates the data into classes. 

In speaker verification, one class contains training data vectors of target speaker’s which 

are labeled as +1 while the other class contains imposters training data vectors from a large 

data set and labeled as -1 [67]. SVM optimizer finds a separating hyperplane that maximizes 

the separation between two classes using the labeled support vectors. 

 

2.5.4 Hidden Markov Model 

 

Hidden Markov Model (HMM) is a statistical Markov model in which the system being 

modeled is assumed to be a Markov process with hidden states. It is the most popular 

modeling methodology for text-dependent and text-independent speaker recognition. 

HMM, a doubly stochastic process was developed in the 1980s. The term hidden is used 

because it has an underlying stochastic process that is not observable. To observe the hidden 

process another stochastic process is used in [37], [68]. 

 

2.5.5 Artificial Neural Network 

 

Artificial Neural Network (ANN) has also been used for speaker verification and are 

discriminative models. Joint optimization of feature extractor and speaker model is possible 

in ANN which is the potential advantage of this method [69]. Multilayer Perceptron (MLP) 

is generally used ANN. MLP is a feed-forward neural network consists of multiple layers 

and each layer having multiple nodes. For each node, a linear weighted sum over its inputs 

is calculated. Weights are the adjustable parameters. To compute the output of the node, a 

transfer function is applied to the result.  A back-propagation algorithm can be used to 

estimate the weight of the network. The MLP has some disadvantages even though having 

good discriminative power. One of the major disadvantages is that a large amount of data is 

required for the training and validation steps. It’s harder to get their optimal configuration.  
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2.6 Performance Measures  

 

Equal Error Rate (EER), optimum Detection Cost Function (DCF) and Identification Rate 

(IR) are the mainly used performance measures of the speaker recognition system. There 

are two types of error that can occur: (1) false rejection (2) false acceptance. False rejection 

error occurs when a system rejects a true or valid speaker while false acceptance takes place 

when a system accepts an imposter speaker. Both types of errors are the function of the 

decision threshold. The decision threshold is to be set low for a convenience system, which 

will reduce the false rejection rate (FRR) at the cost of a high false acceptance rate (FAR). 

On the other hand, to make the system secure, the decision threshold is to be set high which 

will accept very few true speakers while having a high false rejection rate.  Generally, the 

trade-off between FAR and FRR is to be considered. The trade-off between these two errors 

is typically pictured using a detection error trade-off curve (DET) [70] which is shown in 

Fig. 2.5. 

 

FIGURE 2.5: Example of detection error trade-off (DET) plot 

For speaker verification system EER is considered as a performance measure. False alarm 

probability and miss probability are calculated first to compute % EER. EER is defined as 
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the FRR which is equal to FAR. The lower value to EER of the system, the better is the 

verification system. In real time application, EER is not a likely choice because it 

corresponds to an arbitrary value of detection threshold. National Institute of Standards and 

Technology (NIST) uses an alternative performance measure to evaluate the speaker 

verification system. Detection Cost Function (DCF) is a primary evaluation metric which 

maintains the balance between user convenience and security. The value of DCF is 

calculated as, 

 

𝐷𝐶𝐹 =  𝐶 𝑃(𝑡𝑎𝑟𝑔𝑒𝑡)𝑃(𝑚𝑖𝑠𝑠 𝑡𝑎𝑟𝑔𝑒𝑡⁄ ) + 𝐶 𝑃(𝑛𝑜𝑛𝑡𝑎𝑟𝑔𝑒𝑡)𝑃(𝐹𝐴 𝑛𝑜𝑛𝑡𝑎𝑟𝑔𝑒𝑡)⁄  

(2.1) 

 

Here 𝐶  and  𝐶  represents the cost of false rejection and cost of false acceptance 

respectively, and 𝑃(𝑡𝑎𝑟𝑔𝑒𝑡) denotes the prior probability of utterance belongs to the true 

speaker. 𝑃(𝑛𝑜𝑛𝑡𝑎𝑟𝑔𝑒𝑡) is 1 − 𝑃(𝑡𝑎𝑟𝑔𝑒𝑡) . 𝑃(𝑚𝑖𝑠𝑠 𝑡𝑎𝑟𝑔𝑒𝑡⁄ ) denotes the probability of 

rejection of a genuine speaker and 𝑃(𝐹𝐴 𝑛𝑜𝑛𝑡𝑎𝑟𝑔𝑒𝑡)⁄  denotes probability of acceptance of 

imposter speaker. The value of DCF at the threshold for which (2.1) is the smallest is defined 

as Minimum DCF (MinDCF). For NIST 2002 SRE, 𝐶 = 1  , 𝐶 = 10  and  

𝑃(𝑡𝑎𝑟𝑔𝑒𝑡) = 0.01 are taken to calculate optimum DCF. 

 

Identification rate can be given as, 

 

% 𝐼𝑅 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑟𝑢𝑙𝑦 𝑖𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑒𝑑 𝑠𝑝𝑒𝑎𝑘𝑒𝑟𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑝𝑒𝑎𝑘𝑒𝑟𝑠
× 100 

(2.2) 

 

 

2.7 Challenges in Speaker Recognition 
 

Various challenges or research issues in speaker recognition can be brought out based on 

the literature review done. The main challenge in the near future is to understand what 

features to exactly look for in speech signal which can give better performance in all 

challenging aspects. Other research issues are as follows: 
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 Channel mismatch is one of the issues in speaker recognition in which the training 

dataset is recorded with one device and test audio has been produced by a different 

channel. Such type of error occurs due to technology-based variability source which 

includes how and where the audio recorded during enrollment and testing mode. 

Performance evaluation of feature to channel mismatch is to be carried out. 

 Any variation between two recordings of the same speaker is known as session 

variability.  It may be due to changes in the recording environment, “within speaker” 

variation (mood, health, aging, stress). It is a challenging problem in speaker 

recognition. 

 Imposter speech generated by humans or machine which is known as spoofing attack 

in speaker recognition. Impersonation (mimicking or disguise) is the case when the 

subject tries to imitate another person’s voice or  the subject intentionally changes 

his or her voice to circumvent the system [71].  

 

The actual realization of speaker recognition systems makes use of voice as the key tool. 

Speaker recognition is one of the most emerging research areas for person authentication 

and enhancing security aspects. It has several applications to an extensive array of customer-

demand services in the near future such as banking transactions, shopping using telephone, 

voicemail browsing, information retrieval, remote access of computers, and security control 

of confidential areas [72]. But it is difficult to design and develop a robust speaker 

recognition system by finding a good voice parameter. Thus, continued efforts are required 

to advance evaluation strategies for speech and speaker recognition systems. Various 

investigations have been done for evaluation of the speaker recognition system but a still 

complete solution for the real-time application of the speaker recognition system is not yet 

available. 

 

2.8 Summary 
 

This chapter described a brief overview of the different approaches which are widely used 

for automatic speaker recognition nowadays. ASR mainly consists of three tasks: feature 

extraction, speaker modeling and decision making. Till date a lot of research work has been 

done in ASR field but still many realistic problems need to be solved. Efforts have been put 
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to find out the areas of possible improvements in the field of ASR system. The literature on 

feature extraction shows that cepstral features outperform all other features but it neglects 

phase information and performs well for clean speech. Prosodic features give better 

performance in noisy conditions compared to cepstral features. Based on these facts, phase-

based and prosodic features are proposed to improve the performance of the system. Various 

speaker modeling techniques are represented in this chapter. The various issues with current 

approaches are discussed which need to be addressed in the near future. In the next chapter 

speaker recognition system with the various database used in this thesis, GMM-UBM 

speaker modeling technique and the performance of the speaker recognition system with 

proposed feature set is discussed. 
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CHAPTER-3 

 

3 Speaker Recognition System  

 
3.1 Introduction 
 

This chapter discusses the architecture of the speaker recognition system along with each 

block in detail. This includes the databases have been used in this study i.e. CHAINS 

database and IITG-MV database. As a part of this architecture various feature extraction 

methods are presented. Most of the feature extraction methods primarily exploit spectral 

characteristics of the speech signal while neglecting phase information. Even though the 

phase of the speech signal also important, not much work done on phase-based features.  In 

this chapter, we have proposed feature based on the temporal phase. Thereafter GMM-UBM 

classification method is discussed along with performance measures of the speaker 

recognition system. Experiments are carried out on the CHAINS and IITG-MV database. 

Speaker identification and verification systems are developed. 

 

3.2 Database 
 

In this thesis, the CHAINS database and IITGMV datasets are used. The CHAINS database 

consists of normal, whispered and fast speech [73]. IITG-MV database consists of English 

and other Indian languages both in read and conversational speech styles [74]. This dataset 

is used to evaluate the robustness of the feature to the performance of the speaker 

recognition system and to observe the effect of mismatch of speaking style as well. 



Speaker Recognition System 

34 
 

3.2.1 CHAINS database 

 

The CHAINS (CHAracterizing INdividual Speakers) database [75] is primarily developed 

to facilitate the research in speaker identification. The database was recorded in two sessions 

with a time separation of two months and contains speech data of 36 speakers. Out of these 

36 speakers, 28 speakers (14 males, 14 females) are from the eastern part of Ireland and 8 

speakers (4 males and 4 females) are from the USA or UK. The first recording session was 

carried out in a professional recording studio and the second session was carried out in an 

office environment. The recording is done in six different speaking styles: SOLO reading, 

SYNCHRONOUS reading, spontaneous speech (indicated in the following as RETELL 

condition), repetitive synchronous imitation (RSI), WHISPERED speech reading and FAST 

RATE speech reading. The first recording session was carried out in a professional 

recording studio, where speakers were recorded in a sound-proof room using a Neumann 

U87 condenser microphone and normal speech was recorded. The second recording session 

was carried out to record whispered speech in a quiet environment using an AKG C420 

headset condenser microphone. For training data, four well known short fables were uttered 

by all the subjects.  Nine sentences from CSLU’s Phonetically Rich Phrases and twenty-

four sentences from the TIMIT database were taken for creating the test data. In our 

experiments, we have used solo, whisper, and fast speech.  In the SOLO condition, the 

subject reads the sentences at a comfortable pace. In the recording of the FAST speech, two 

recordings of the same sentence were played to each subject in which one was read at a 

comfortable rate and the second was at a substantially greater rate of articulation to illustrate 

the degree of rate increase they should aim for, and subjects then read all texts at this self-

controlled rate. In the WHISPER condition, subjects read the entire set of texts in a whisper.  

 

3.2.2 IITG-MV database 

 

The database is designed and developed focusing to support research in automatic speaker 

recognition system where the effect of speaking style, language, channel, and environment 

of the speech data can be analyzed. This database is created by IIT, Guwahati hence it is 

named as IIT Guwahati (IITG) multi-variability (MV) speaker recognition database [33]. It 
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was recorded in four sets, namely IITGMV Phase-I, Phase-II, Phase-III and Phase-IV in 

different recording conditions. In our experiments, we have used a Phase-I database. 

 

In the Phase-I database, the speech data were collected in the office environment and 

recorded with five different sensors in parallel. It contains 100 speakers with different 

speaking styles (conversational and read speech). The speech data was recorded with 81 

male and 19 female subjects.  Five different sensors: headset microphone that comes with 

personal computers (PC), an in-built microphone that comes with tablet PC, digital voice 

recorder, and two mobile phones of different make in the offline mode were used to record 

the data.  The technical details of the sensors used are shown in Table 3.1. 

 

TABLE 3.1: Technical details of the sensor used for recording the data [74] 

Device Make/model Sampling rate     

for recording 

Format 

Headset microphone  
 

Frontech JIL 1903 16 kHz wav 

Tablet PC   HP Elite Book 2730p 16kHz wav 

Mobile phone-1  Nokia 5130c Xpress Music 8 kHz amr 

Mobile phone-2  Sony Ericsson W350 8 kHz amr 

DVR  Sony ICD-UX70 44.1 kHz Mp3 

 

After recording, the speech data was processed with Wavesurfer software and the speech 

data from all sensors is stored in uncompressed WAV file format with 16-bit resolution. 

 
3.3 Feature Extraction  
 

For speech, the source of sound is a complex wave that is modulated by a transfer function. 

Transfer function is determined by the shape of the vocal tract system. The shape of the 

vocal tract filters this complex wave to amplify intensity of some harmonics and diminish 

the intensity of others. To model vocal tract information, parameterization techniques like 

linear prediction cepstral coefficients (LPCCs) and Mel frequency cepstral coefficients 

(MFCCs) are available. The following section describes the method to extract these features. 
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3.3.1 Mel Frequency Cepstral Coefficients (MFCCs) 

 

The Mel-spectrum was introduced by Davies and Mermelstein in 1980 [6],  which exploits 

human hearing perception, as well as the decorrelating property of the cepstrum. The steps 

for extracting MFCC features are shown in Fig. 3.1. 

 

FIGURE 3.1: Signal flow of MFCC feature extraction algorithm 

(i) Pre-emphasis:  Pre-emphasis is a way of compensating for the rapid decaying 

spectrum of speech. Its purpose is to lift the high-frequency spectral components 

in the speech signal. So filtering technique is used to emphasize the higher 

frequency. The pre-emphasis filter response is given in (3.1). 

𝐻(𝑧) = 1−∝ 𝑧 , (3.1) 
 
where the value  of ∝ is between 0.9 to 1.0 to control the slope of the filter. A 

typical speech signal is shown in Fig. 3.2(a).  This pre-emphasized signal is 

shown in Fig. 3.2(b) where value of ∝ is taken 0.93. 

(ii) Windowing: Analysis of speech signal must be carried out on short segments 

across which the speech signal is assumed to be stationary. For that windowing 

and overlapping method is used. The entire speech signal is divided into frames 

of 10-30 ms by multiplying speech sequence with the windowing function. To 

obtain the new frame the window is shifted by half of the frame size. Many 

windows are available which has less spectral distortion. The Hamming window 

is the most commonly used window to reduce the effect of spectral leakage that 

arises from discontinuities at the frame endpoints while taking Discrete Fourier 

Transform (DFT). The Hamming window formula is given in (3.2). 

𝑤(𝑛) = 0.54 − 0.46 𝑐𝑜𝑠 , (3.2) 

 

Windowing FFT |*| Mel-Scale 
Filter Bank 

Log(.) DCT 

Speech 
Signal 

MFCC 
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where N is the window length. One frame of speech segment is shown in Fig. 

3.2(c). Here window length of 20 ms is taken and overlapping of 50% of window 

length i.e. 10 ms is considered. 

(iii) Discrete Fourier Transform (DFT): In the next step DFT of each frame is 

computed: 

𝑋(𝑘) = 𝑥[𝑛]𝑒      , 𝑘 = 0,1 … . 𝑁 − 1      
(3.3) 

where 𝑥[𝑛] is the samples of the windowed speech signal. 𝑋(𝑘) is the DFT of  

𝑥[𝑛] and 𝑁 is the number of points used to compute the DFT. The Magnitude 

spectrum of the windowed speech segment with 512 point DFT is shown in Fig. 

3.2(d). 

(iv) Mel Spectrum: The magnitude of 𝑋(𝑘) is then weighted by a series of filter 

frequency responses whose center frequencies and bandwidths roughly match 

those of the auditory critical band filters. These filters follow the mel-scale 

whereby band edges and centre frequencies of the filters are linear for low 

frequency (<1000 Hz) and logarithmically increase with increasing frequency. 

Mel is unit of perceived frequency. Mel scale is mapping of the physical 

frequency scale (Hz) to the perceived frequency scale (Mel). Thus these filters 

are called Mel-scale filter and collectively Mel-scale filter bank. Generally 

triangular Mel-filters are used. The approximation of Mel from physical 

frequency can be expressed as (3.4). 

𝑓 = 2595𝑙𝑜𝑔 1 +
𝑓

700
      

(3.4) 

            where 𝑓 denotes the frequency in Hz and 𝑓  denotes Mel-frequency. 24-channel 

triangular mel-filter bank is shown in Fig. 3.2(e). The next step is to compute 

the energy in the  𝑋(𝑘) weighted by each mel-scale filter frequency response. 

The resulting Mel-frequency coefficients are given as 

𝑆(𝑚) = |𝑋(𝑘)| 𝐻 (𝑘),     0 ≤ 𝑚 ≤ 𝑀 − 1      
(3.5) 

              The frequency response of the 𝑚th Mel-scale filter is denoted as 𝐻 (𝑘) and  𝑀 

is total number of triangular Mel-weight filters. 
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(v) Discrete cosine transform (DCT):  DCT is applied on log of  𝑆(𝑚) to obtain the 

cepstral coefficients. If MFCC’s are denoted by 𝑐(𝑛) then 𝑐(𝑛)is computed as 

follows: 

𝑐(𝑛) = log 𝑆(𝑚) cos
πn(m − 0.5)

M
,     𝑛 = 0,1, … , 𝐶 − 1      

(3.6) 

where 𝐶 is the number of coefficients. The zeroth coefficient is neglected as it 

gives the mean value of the log energy of the input signal and it carries little 

speaker-specific information.  

The final MFCC vector is obtained by remaining about 12-15 lowest DCT coefficients. 13-

dim MFCC coefficients of one frame are shown in Fig. 3.2(e). 

 

 

FIGURE 3.2: Steps in MFCC features extraction (a) Speech signal (b) Speech signal    after pre-
emphasis (c) 320-sample frame of speech (d) DFT magnitude spectrum (e) 24-channel triangular 
Mel-filter bank (f) 13-dim MFCC obtained by taking DCT of filter-bank energy coefficients 
 

The MFCC feature vector represents information present at only the power spectral 

envelope of a single frame. However, information also presents in the dynamic trajectories 

of the MFCC over time. By appending the delta (velocity), i.e. the dynamic information the 

MFCC feature vector of each frame along the static features, is used to capture better 
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information than static alone. The delta-delta (acceleration) coefficients are also used as 

additional dynamic features along with the static and the delta features to further improve 

the accuracy. 

 

3.3.2 Linear Prediction Cepstral Coefficients (LPCCs) 

 

It is a cepstral coefficient derived from linear prediction analysis of speech signal. Speaker 

recognition systems developed based on the cepstral features have achieved a high level of 

accuracy, for a speech recorded in a clean environment. Linear Prediction Coding (LPC) 

technique is the core of the LPCC feature extraction algorithm [44], [45]. This model 

considers the glottal pulse generator and the random noise generator as two sources of 

sounds. The glottal pulse generator produces the voice sound and a random noise generator 

creates the unvoiced sound. The vocal tract system serves as the filter of the model which 

intensifies the signal at the resonant frequency. In LPCC, the filter is typically chosen to be 

an all-pole filter. The 𝑛th speech sample can be estimated by a linear combination of its 

previous samples as shown in the following equation. 

𝑠(𝑛) = 𝑎 𝑠(𝑛 − 𝑘) +  𝑒(𝑛), 
(3.7) 

where 𝑠(𝑛) is the 𝑛 th speech sample which is determined by  𝑝  past samples 𝑠(𝑛 − 𝑘) 

where 𝑘 , represents the discrete-time delay,  𝑒(𝑛)  denotes the estimation error and 𝑎  

denotes the LPC coefficients. 

 To extract the LPCC future, first a quasi-stationary window of speech signal about 10-30 

ms is used to determine the parameters 𝑎 , and the process is repeated for the entire speech 

segment. The estimation of the prediction coefficients 𝑎  is done by minimizing the 

prediction error 𝑒(𝑛). For that Yule-Walker or Levinson Durbin algorithms can be used. In 

the frequency domain, LPC coefficients determine the all-pole filter with the transfer 

function: 

𝐻(𝑧) =
1

1 − ∑ 𝑎 𝑧
   

(3.8) 

 

Poles of the filter are the roots of the denominator polynomial of (3.8) which are denoted as 
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𝑧 , 𝑧 , … 𝑧  [23]. After finding 𝑎 s, linear prediction cepstral coefficients are found using a 

recursive method [76]. 

𝑐 =

⎩
⎪
⎨

⎪
⎧𝑎 +

𝑘

𝑛
𝑐 𝑎      1 ≤ 𝑛 ≤ 𝑝

𝑘

𝑛
𝑐 𝑎                     𝑛 ≥ 𝑝

   

(3.9) 

  

3.3.3 Phase-based Features 

 
Appropriate features that are rich in speaker-specific information are important for the 

speaker recognition system. The magnitude and phase of the speech signal are equally 

important for speech perception. Integrating information from the short-time phase 

spectrum in the feature set for the ASR may improve the accuracy of the system.  However, 

most of the speaker recognition systems based on low-level features (i.e. MFCC, LPCC, 

etc.) are built using a magnitude spectrum while neglecting the phase information. There 

are two reasons for that: (1) Short-time phase spectrum has phase-wrapping and other 

problems hence it is difficult to use the short-time phase directly for ASR. (2) The results 

of well-known human auditory experiments have shown that the short-time phase conveys 

very little intelligibility information at the short-time frame analysis of speech signal. 

Contrary to the previous study, results of Alsteris [77]  listening experiments indicated that 

the short-time phase also contributes significantly to speech perception over a small window 

of 10-30 ms. He also suggested that the short-time phase must be transformed into some 

meaningful representation from which useful information can be extracted for features of 

ASR. Specifically group delay function (GDF) [78], [79], instantaneous frequency 

distribution (IFD), modified group delay functions (MGDF) [30], [52] are potential 

candidates to represent the short-time phase. Murty has proposed the speaker verification 

system combining MFCC and phase of the analytic signal derived from LP residuals [52]. 

From the literature review, it is concluded that phase derived features perform worse than 

MFCC features. Therefore, the short-time phase feature set may be derived from the 

concatenation of GDF and IFD features set. For best performance, the feature set may also 

need to be concatenated with short-time magnitude spectrum information. Many approaches 

have been made to capture the speaker-specific information from the speech signal using 

phase-based characteristics and the speaker recognition system has been built. There are 
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mainly three types of important phases, viz., Fourier phase, analytic phase and temporal 

phase. Detailed description of all three phases is given in the following sections. 

Fourier Phase 

The speech signal is non-stationary in nature. However, it can be assumed to be stationary 

for some small amount of time, i.e., quasi-stationary. The phase of the speech signal can be 

calculated by taking the Fourier transform of the speech signal. If s(t) is a speech signal, 

then it’s Fourier transform is  

𝑆(𝑡, 𝜔) = 𝑠(𝜏)𝑤(𝑡 − 𝜏)𝑒 𝑑𝜏 
(3.10) 

Here, 𝑠(𝑡) is a speech signal and 𝑤(𝑡) is a window function applied over speech signal. 

Generally, Hamming window is used. Hamming window gives better spectral resolution, 

having larger main lobe and smaller side lobes which is useful to capture most of the 

information from speech signal in short duration. Window duration of approximately 20-40 

ms duration is to be taken. Alternatively 𝑆(𝑡, 𝜔) can be written as, 

𝑆(𝑡, 𝜔) = |𝑆(𝑡, 𝜔)|𝑒 ∡ ( , ), (3.11) 

where |𝑆(𝑡, 𝜔)| represents the magnitude spectrum and  ∡𝑆(𝑡, 𝜔) represents the Fourier 

phase. Fig. 3.3 shows the speech segment and its corresponding magnitude and phase 

spectrum. 

 

Spectral features such as MFCC, LPCC captures information available in |𝑆(𝑡, 𝜔)| and 

ignores phase. Fourier phase suffers from phase wrapping problem and it is needed to 

unwrap the phase every time. When the angle of a complex number is obtained with an 

arctangent subroutine on a calculator or computer system subroutine, the principal value of 

the phase is obtained. The phase spectrum values are within ± π. The principal phase 

spectrum of  𝑆(𝑡, 𝜔) is denoted as 𝐴𝑅𝐺[𝑆(𝑡, 𝜔)]. That is, 

−𝜋 ≤ 𝐴𝑅𝐺[𝑆(𝑡, 𝜔)] ≤ 𝜋 (3.12) 

It can be obtained directly by using the arctangent function. 

𝐴𝑅𝐺[𝑆(𝑡, 𝜔)] = 𝑎𝑟𝑐𝑡𝑎𝑛
𝑆 (𝑡, 𝜔)

𝑆 (𝑡, 𝜔)
, 

(3.13) 

where the subscripts 𝑅 and 𝐼 denote the real and imaginary parts respectively.
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FIGURE 3.3: (a) Speech segment (b) magnitude spectrum (c) phase spectrum 

 

As the principal value of the phase spectrum exceeds the value ±𝜋, it changes abruptly 

having positive to negative jump of 2𝜋 radians or vice versa Hence the phase spectrum is 

‘wrapped’ around these values. To obtain better information from the phase spectrum it is 

often ‘unwrapped’. The problem is unwrapping can be done in different ways. Phase 

unwrapping algorithms determine the continuous phase which is denoted as 𝑎𝑟𝑔[𝑆(𝑡, 𝜔)]. 

 ∡𝑆(𝑡, 𝜔) = 𝐴𝑅𝐺[𝑆(𝑡, 𝜔)] + 2𝜋𝑟(𝜔), (3.14) 

here 𝑟(𝜔) determines the positive or negative integer that can be different at each value of 

𝜔.  

The speech segment, its principal value of phase and unwrapped phase is shown in Fig.3.4. 

The phase spectrum has been successfully used for automatic speech recognition, pitch 

extraction, determination of significant instants (instant of glottal closure), and formant 

extraction. The short-time phase spectrum has two independent variables 𝑡 and 𝜔. Hence 

two alternative representations of the short-time phase can be considered: Frequency-

derivative and Time-derivative of short-time phase spectrum. 
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FIGURE 3.4: (a) Speech segment (b) principal phase (c) unwrapped phase 

 

Group delay function is a negative derivative of continuous phase 𝑎𝑟𝑔[𝑆(𝑡, 𝜔)] which is 

defined as: 

𝑔𝑟𝑑[𝑆(𝑡, 𝜔)] = −
𝑑

𝑑𝜔
(𝑎𝑟𝑔[𝑆(𝑡, 𝜔)]) 

(3.15) 

Group delay is a measure of non-linearity of the phase spectrum [43]. 

Alternatively, group delay can be derived as:  

𝑔𝑟𝑑[𝑆(𝜔)] =
𝑆 (𝜔)𝑃 (𝜔) + 𝑆 (𝜔)𝑃 (𝜔)

|𝑆(𝜔)|
, 

(3.16) 

where the subscripts 𝑅 and 𝐼  denote the real and imaginary parts respectively, 𝑆(𝜔) and 

𝑃(𝜔)  are Fourier transform of discrete-time speech signal 𝑠(𝑛) and 𝑛𝑠(𝑛) . Feature 

extraction using group delay function for speaker identification was reported in [30]. Group 

delay functions are noisy and difficult to interpret due to the effect of zeros close to the unit 

circle. To overcome the problems of group delay function, the modified group delay 

function (MGDF) is used in [78], [80]. However, while deriving the MGDF features set, 

they have assumed that speech signal is minimum phase [12], but in reality speech signal is 
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non-minimum phase due to glottal transfer function. Hence these group delay features 

convey only partial information of the phase spectrum. 

Instantaneous Frequency distribution (IFD) is the first-order time derivative of the short-

time phase spectrum which is a useful interpretation of short-time phase spectrum. 

𝐼𝐹 =
1

2𝜋

𝑑(∡𝑆(𝑡, 𝜔))

𝑑𝑡
 

(3.17) 

 

  Analytic Phase 

 
Features from the complex analytic domain phase are also taken into consideration. The 

importance of the analytic phase in speaker recognition has been studied in [81] by 

conducting a listening test.  An analytic phase of the speech signal also suffers from phase 

wrapping problem and hence its derivative i.e. instantaneous frequency (IF) is used to 

capture speaker information. Features derived from DCT of smoothed subband IF were 

proposed in [82] for speaker verification. The fusion of MFCC with subband phase features 

has improved the performance of the system when evaluated on NIST 2008 core condition 

[83]. 

In complex analytic domain, a continuous-time speech signal 𝑠(𝑡) can be represented as 

𝑠 (𝑡) = 𝑠(𝑡) +  𝑗 �̂�(𝑡) (3.18) 

where �̂�(𝑡) is the Hilbert Transform of 𝑠(𝑡), 𝑠 (𝑡)is the analytic signal of  𝑠(𝑡). 

�̂�(𝑡) =  𝑠(𝑡) ∗  
1

𝜋𝑡
 

(3.19) 

 where ℎ(𝑡) =    is the impulse response of Hilbert Transform. The analytic signal 

𝑠 (𝑡)can be represented as 

𝑠 (𝑡) =  𝛼(𝑡)𝑒 ( ) (3.20) 

𝛼(𝑡) and 𝜃(𝑡) are  the magnitude (Hilbert) envelope and instantaneous phase of analytic 

signal respectively.  Like the Fourier phase, the analytic phase suffers from phase 

ambiguity and phase wrapping. To overcome this problem, its derivative with respect to 

time is used which is defined as Instantaneous Frequency (IF) [84] and is given by, 

𝐼𝐹 =  
𝑑𝜃(𝑡)

𝑑𝑡
 

(3.21) 
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The speech signal and its Hilbert envelope are shown in Fig. 3.5(a). Fig. 3.5(b) represents 

instantaneous phase of analytic signal. The instantaneous frequency derived after applying 

Hilbert transform on speech signal is shown in Fig. 3.5(c). 

 
FIGURE 3.5: (a) Speech signal and its Hilbert envelope (b) unwrapped phase 

 (c) IF 

Temporal Phase 

 
Allpass modeling of LP residual for feature extraction was attempted for speaker 

recognition in [34]. The temporal phase is derived by taking Fourier transform of speech 

signal where it is considered that speech is nonstationary in nature [85]. Parametric 

modeling of features derived from the temporal phase using the allpass filter is proposed. 

The temporal phase is derived from speech upon removal of magnitude spectrum [85]. 

Fourier transform of a signal 𝑥[𝑛] is given as: 

𝑋 𝑒 = 𝑥[𝑛]𝑒  
(3.22) 

𝑋 𝑒 =  𝑋 𝑒 +  𝑗𝑋 𝑒  (3.23) 
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𝑋 𝑒 =  𝑋 𝑒 𝑒 ∠  (3.24) 

The time-domain phase is derived by taking inverse Fourier transform of magnitude 

suppressed from 𝑋 𝑒 . 

𝑦[𝑛] = 𝐹
𝑋 𝑒

|𝑋(𝑒 )|
 

(3.25) 

 where 𝑦[𝑛] is the time-domain phase. Above equation is valid only when 𝑋 𝑒 ≠ 0.  

 
FIGURE 3.6: (a) Speech segment (b) Time domain phase of speech segment 

A segment of the speech signal and its time domain phase signal are shown in Fig. 3.6(a) and 

Fig. 3.6(b), respectively. The temporal phase is spiky in nature. It gives information about this 

fact that the temporal phase is having source-like characteristics unlike MFCC having system-

like characteristics. This temporal phase doesn’t require phase unwrapping and hence less 

computational complexity. In [86], LPC from the temporal phase of speech signal is used 

for speaker recognition.       

Mel Frequency Temporal Phase Features  
 

The steps required to extract temporal phase derived features are shown using a block 

diagram in Fig. 3.7. We refer this proposed feature as Mel Frequency Temporal Phase 
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Coefficient (MFTPC) features.   

 

 
 

   FIGURE 3.7: Signal flow of MFTPC feature extraction 

 

First, the speech signal is framed into 25 ms duration with overlapping of 10 ms duration. 

The temporal phase is calculated using a short-time Fourier transform (STFT) as given in 

(3.25). Then frame-wise MFCC feature extraction is done. With this method per frame, 12-

dimensional static features are calculated which are then used to develop the speaker-

specific model using the GMM-UBM approach. The motivation behind taking the MFCC 

of the temporal phase is the nature of temporal phase. It characterizes the source part of 

speech signal and source characteristics can be captured in terms of feature for speaker 

recognition. Fig. 3.6 shows the segment of the speech signal and the temporal phase of the 

speech signal. It can be seen that the temporal phase gives spike at most of the epoch 

location. All pass modeling of the temporal phase to extract epoch location is proposed in 

[85] which gives proof of temporal phase gives source-like characteristics. It is well known 

that the production of the speech signal is the result of vocal source and vocal tract system 

together. MFCC represents system-like characteristics whereas the proposed feature set 

capture information based on the excitation source characteristics. In [85],[86], relative 

improvement in the performance of the speaker verification system over MFCC was 

observed by combining MFCC and temporal phase based features which also proves the 

complementary nature of temporal phase  features.  

In order to identify the speaker, the feature must have less intra-speaker variability and  more 

inter-speaker variability [3].  The efficiency of the proposed feature set lies in the capability 

of extracting speaker-specific information for speaker recognition. It is required that a  

feature set should give less intra-speaker variability. Fig. 3.8 shows the frequency spectrum 

of different words uttered by the same speaker. 
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FIGURE 3.8: (a) Speech signal waveform of word “hello”, (c) and (e): frequency spectrum of MFCC 

and MFTPC for word “hello”. (b) Speech signal waveform of word “water”, (d) and (f): frequency 

spectrum of MFCC and MFTPC for word “water”. 

 

Fig. 3.8(a) and Fig.3.8(b) show the speech waveform of  the word “hello” and “water” 

spoken by the same speaker respectively. Fig. 3.8(c) and Fig. 3.8(d) represents frequency 

spectrum of MFCC for  the word “hello” and “water” respectively. Fig. 3.8(e) and Fig. 3.8(f) 

shows frequency spectrum of MFTPC for  the word “hello” and “water” respectively. Time-

varying frequency spectrum is obtained by taking the coefficients of MFCC and MFTPC 

for each frame first and plotting its frequency response.  It can be seen from Fig. 3.8 that the 

MFTPC set gives less intra-speaker variation than the MFCC feature set. To check the 

ineter-speaker variation capability, time-varying frequency spectrum  of the same utterance 

“hello” by the different speakers is observed as shown in Fig. 3.9. 
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FIGURE 3.9: Speaker 1: (a) Speech signal waveform of word “hello”, (c)frequency spectrum of 

MFCC and (e): frequency spectrum of MFTPC. Speaker 2: (b) Speech signal waveform of word 

“hello”, (d) frequency spectrum of MFCC and (f): frequency spectrum of MFTPC.  

Fig. 3.9(a) and Fig.3.9(b) shows the speech waveform of the word “hello” uttered by 

different speaker respectively. Fig. 3.9(c) and Fig. 3.9(d) represents the time-varying 

frequency spectrum of the MFCC for the word “hello”  by speaker 1 and speaker 2 

respectively. Fig. 3.9(e) and Fig. 3.9(f) shows the time-varying frequency spectrum of the 

MFTPC for the word “hello” by speaker 1 and speaker 2  respectively. It is observed that 

the MFTPC gives more inter-speaker variation for different frames indicated by the 

rectangles. 

3.4 Gaussian Mixture Model  
 

Gaussian Mixture Model (GMM) was proposed firstly by Reynold in 1995 [28]. The GMM 

algorithm takes as an input a sequence of vectors provided by the extracted feature vectors 

and uses it to create one model per speaker, which is called the Gaussian mixture model. A 

GMM is a probability density function represented as a weighted sum of Gaussian 
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component densities.  For a 𝐷-dimensional feature vector denoted as 𝑥, the mixture density 

is defined as a weighted sum of 𝑀 component Gaussian densities as given by the following 

equation, 

𝑝(𝑥 𝜆⁄ ) = 𝑤 𝑝 (𝑥|𝜇 , ∑ )     
(3.26) 

 

where 𝑝 (𝑥|𝜇 , ∑ ) are the component densities, 𝑤𝑖 are the weights. The mixture weights have 

to satisfy the constraint [28], 

𝑤 = 1     
(3.27) 

Each component density is a 𝐷-variate Gaussian function of the form 

𝑝 (𝑥|𝜇 , ∑ )  =
1

(2𝜋) / |∑ |
  𝑒𝑥𝑝 −

1

2
(𝑥 − 𝜇 ) ∑ (𝑥 − 𝜇 )    

(3.28) 

 

where 𝜇
𝑖
 is a mean vector and ∑

𝑖
 is a covariance matrix for the 𝑖th component. The complete 

Gaussian mixture density is represented by the mean vector, the covariance matrix and the 

mixture weight from all component densities. These parameters are represented by the 

notation, 

𝜆 = {𝑤 , 𝜇 , ∑ } ;      𝑖 = 1,2, … … . , 𝑀 (3.29) 
 

The GMM considers the data as the results of the linear combination of several generative 

Gaussian models. To determine the model parameters of a GMM for a particular speaker, 

the model has to be trained. Various techniques are available to estimate the parameters of 

a GMM. The most popular method is the maximum likelihood (ML) estimation. The 

objective of the ML estimation is to find the optimum parameters that can maximize the 

likelihood of the training data for a given GMM. The average log-likelihood of 𝑥 =

{𝑥 , … . . , 𝑥 } with respect to model 𝜆 is defined as 

𝐿𝐿 (𝑥, 𝜆) =
1

𝐷
log 𝑤 𝑝 (𝑥|𝜇 , ∑ )       

(3.30) 
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An Expectation-Maximization (EM) [87] is one of the most important ML estimation 

approaches. Expectation-Maximization is an iterative method that alternates between 

performing an expectation (E) step and maximization (M) step. An E-step estimates the 

distribution of the hidden variable given the data and the current value of parameters and 

M-step maximize the joint distribution of the data and hidden variable. Note that for the EM 

algorithm, K-means [63] can be used as an initialization method. The EM algorithm begins 

with an initial model 𝜆 and estimates a new model such that the likelihood of the model 

increases with each iteration. For the next iteration, this new model is considered to be an 

initial model and the entire process is repeated for a certain predefined iteration or until a 

certain threshold is obtained.  

 
 

FIGURE 3.10: Block diagram of a speaker recognition system with GMM-UBM [88] 

 

In speaker recognition, the adaption of the developed model to new condition is important 

because of variation in speaking environments, speaking styles, data variability due to 

different speakers and so on. For that in GMM-based speaker recognition, speech data of 

tens or hundreds of hours is used to first train a speaker-independent universal background 

model (UBM) with the EM algorithm [2]. While enrolling a new speaker, speaker-specific 

model is developed by adapting the parameters of the background model according to the 

new speaker’s feature distribution as shown in Fig. 3.10. It is possible to adapt all the 

parameters ( mean, weight and covariance) of the model, but adapting means only has been 

found to work well in practice [2].  
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For the given enrolment vector, 𝑥 = {𝑥 , … . . , 𝑥 }, and the UBM, 𝜆 =  𝑤𝑖, 𝜇
𝑖
, ∑

𝑖
 ;  𝑖 =

1,2, … … . , 𝑀 , the adapted mean vector (𝜇 ) are obtained as a weighted sum of the speaker’s 

training data using maximum a posterior (MAP) method. The adapted UBM mean: 

𝜇𝑖
′ = 𝛼𝑖𝑥𝑖 + (1 − 𝛼𝑖)𝜇𝑖 (3.31) 

 

where 

𝛼 =
𝑛

𝑛 + 𝑟
, (3.32) 

𝑥 =
1

𝑛
𝑃(𝑖|𝑥 )𝑥 , 

(3.33) 

𝑛 = 𝑃(𝑖|𝑥 ), 
(3.34) 

𝑃(𝑖|𝑥 ) =
𝑤 𝑝 (𝑥 |𝜇 , ∑ )

∑ 𝑤 𝑝 (𝑥 |𝜇 , ∑ )
     

(3.35) 

 

Here 𝑟  is known as the relevance factor and hence, 𝛼  controls the effect of training samples 

on the adapted speaker model. Speaker-specific GMM is derived from the UBM as shown 

in Fig. 3.10. This adapted model is then used as the model of that speaker. The MAP-adapted 

model and UBM are coupled in the recognition phase and this method is known as the 

combined Gaussian Mixture Model-Universal Background Model (GMM-UBM). The 

decision of test speaker being genuine or imposter is based on log-likelihood ratio: 

𝐿𝐿𝑅 =    log(𝑝(𝑥| 𝜆 )) −    log(𝑝(𝑥| 𝜆 )) (3.36) 

 

The average log-likelihood ratio is given as: 

𝐿𝐿𝑅 𝑥, 𝜆 , 𝜆

=
1

𝐷
 log(𝑝(𝑥 | 𝜆 )) −  log(𝑝(𝑥 | 𝜆 ))  

(3.37) 

 

where 𝑝(𝑥|𝜆 )  and 𝑝(𝑥|𝜆 ) are the likelihood scores from the target speaker and 

background speaker. In the speaker identification, the decision is based on the LLR of the 

test sample vector from the reference model for all the different speakers stored in the 

system database; the speakers corresponding to the reference model with the smallest LLR 

is judged to be the unknown speaker. In speaker verification, the speaker is verified if the 



Data Fusion Approaches 

53 
 

LLR of the test sample vector and the reference model for the claimed speaker is higher 

than a fixed threshold otherwise the claimant is rejected. 

𝑙𝑜𝑔
𝑝(𝑥|𝜆𝑡𝑎𝑟𝑔𝑒𝑡

𝑝(𝑥|𝜆𝑈𝐵𝑀

≥  𝜃   𝑎𝑐𝑐𝑒𝑝𝑡
< 𝜃     𝑟𝑒𝑗𝑒𝑐𝑡

 
(3.38) 

 

where 𝜃 is a fixed threshold. 

 

3.5 Data Fusion Approaches 
 

Several features have been proposed in the speaker recognition system. Spectral features are 

the most widely used features despite of noise sensitivity. Spectral features are easy to 

compute. In different pattern classification applications, multiple sources of evidence are 

combined to enhance the performance - a technique called fusion. The fusion approach has 

been widely used in speaker recognition also. In [85], the fusion of all pass cepstral 

coefficients (APCC) and MFCC is done.  By combining evidence from both MFCC and 

APCC improvement of 12% was reported over MFCC only in speaker verification system. 

Kinnunen has proposed fusion of different cepstral features like MFCC, LPCC, arcus sine 

reflection coefficient (ARCSIN), and formant frequencies (FMT) and the corresponding 

delta parameters of all feature sets. Three types of fusion methods were proposed in this 

paper namely : feature-level fusion, score-level fusion,  and decision-level fusion [89]. 

 

3.5.1 Feature-level Fusion 
 

Spectral features contain information present at the power spectral envelope of a single 

frame. It is observed that information is also present in the trajectories of the spectral 

coefficients over time known as the dynamic of the features. For each frame, different 

features are concatenated in one higher dimensional feature vectors. For example, 13- 

dimensional MFCC can be augmented with its first derivative (Δ) and second derivative 

(ΔΔ) to make 39-dimensional features. This vector level fusion concatenation is known as 

feature-level fusion. In [90], source (glottal voice source) and  system (vocal tract) level 

features are fused. Feature-level fusion may improve the accuracy of the system but it has 
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few shortcomings.  First, with this fusion, the dimension of the resultant feature vector will 

increase which will increase the complexity of the GMM-UBM modeling. This 

phenomenon is known as  the curse of dimensionality [87]. Second, it is also difficult to 

find out the contribution of the individual feature set in the performance of the fused feature 

sets. Third, fusion becomes difficult if the frame rate of the features is different e.g., spectral 

features are extracted over a short frame of 10-30 ms whereas prosodic features are extracted 

over a long span to capture suprasegmental information.  

 

3.5.2 Score-level Fusion 

 

An alternative to feature-level fusion is score-level fusion. In this method, first different sets 

of feature vectors are extracted from the speech signal, then for each feature set individual 

classifier is developed. Finally, the score of each classifier using either linear opinion pool 

method or log opinion pool method is combined. This implies multiple models for each 

speaker are stored in the system database. Each of the different features sets giving its 

opinion about the unknown speaker’s identity according to the fusion rule used. Considering 

two feature sets, the score-level fusion is done as follows: 

𝐿𝐿𝑅 =  αLLRfeature set1 + (1 − α)LLRfeature set2   (3.39) 
 

where 𝐿𝐿𝑅  is the log-likelihood ratio after score-level fusion of two feature set, LLRfeature set1 is 

the log-likelihood ratio of feature set 1, LLRfeature set2 is  the log-likelihood ratio of feature 

set 2. The parameter α determines the weight of score-level fusion.  The value of α  and (1 − α) 

is chosen such that 

 α + (1 − α) = 1   (3.40) 
 

It is also possible to model the same features with different classifier architectures and then 

perform the fusion of scores from each classifier. It is a general belief that a successful 

fusion system should combine as independent features as possible. It is advisable to do a 

fusion of low-level spectral features, prosodic features and high-level features to utilize 

possibly complementary information in those features [3]. But fusion of low-level features 



Experimental Setup 

55 
 

(e.g. MFCCs, LPCCs) with different classifiers for them can also improve the performance 

[11], [89]. 

3.5.3 Decision-level Fusion 

 

In this method, each of the classifiers produces a speaker label and the fusion rule combine 

the individual decisions by majority voting. Speaker that is voted most by all classifiers is 

selected as an identified speaker. Speaker label is selected randomly from the highest 

number of votes  if no speaker received the majority at the time of taking decision [89].  

 
It is to be noted that, in this work, feature-level fusion and score-level fusion is done to 

improve the accuracy of the system. 

 

3.6 Experimental Setup 
 

Our baseline features are conventional MFCCs. Firstly, 12-D static features are extracted 

from 25 milliseconds of the frame with a frame shift of 50% between frames. The MFCCs 

are computed using a 26-channel triangular filter-bank followed by logarithmic 

compression and Discrete Cosine Transform (DCT). Next, the delta (Δ) and double-delta 

(Δ2) coefficients are computed using a differentiator and appended to the feature vectors 

which gives 24-D (12 static + 12 Δ) and 36-D (12 static + 12 Δ+ 12 Δ2) features sets. Next 

LPC and MFTPC features are extracted with the same settings as the extraction of MFCCs. 

Three different dimensions of the feature vectors are considered. The experimental results 

on the CHAINS database and IITG-MV database are presented. The GMM-UBM 

classification approach is used to develop the model of speakers.  

CHAINS Database: The database contains 144 train utterances and 1188 test utterances 

recorded with 36 different speakers (18 female and 18 male speakers). Extracted features 

are used to develop the UBM model using close-set speaker identification approach. Here 

gender independent UBM model is developed. Speaker specific models are adapted by 

adapting the mean of UBM to develop adaptive GMM models for 36 speakers. Each test 

utterance is tested against 36 speaker models which gives total of 42768 trials out of which 

1188 genuine trials and 41580 imposter trials. 
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IITG-MV Database: The database contains 100 train utterances of two-minute duration 

and 1000 test segments of speech length 40 seconds, 10 from each speaker. Six hours of 

speech data is used to develop the gender independent UBM model. This speech data is 

from 50 different speakers which are not used in speaker recognition study. In this 

experiment, we have used the following conditions: recording device is a headset, the 

environment is an office, the language is English and speaking style is conversational which 

is kept the same for both training and testing.  Speaker specific models are adapted by 

adapting the mean of UBM to develop adaptive GMM models for 100 speakers. Each test 

utterance is tested against 11 training models out of which one may be a true trial hence 

there are total of 11,000 test trials out of which 1000 genuine trials and 10,000 imposter 

trials. Hence true trial to false trial ratio is 0.1. 

To measure the score of each test segment against all training models, log-likelihood ratio 

is calculated in speaker identification. The model is selected as an identified speaker which 

gives maximum score among all training models. True score ratio and False score ratios are 

calculated to plot DET (Detection Error Trade-off) curve. In evaluating the accuracy, EER 

and minimum detection cost function (MinDCF) are used. The performance measures to be 

used were described in Chapter 2. The speaker recognition system is developed using the 

voicebox and MSR identity toolbox [88].  

 

3.7 Experimental Results 

 

This section gives the results in terms of various performance measures for the proposed 

MFTPC features. The comparison of the proposed feature set with state-of-the-art MFCC 

features is also shown. To check the effectiveness of the proposed feature set, speaker 

identification and verification systems on CHAINS and IITG-MV database are developed.  

 

3.7.1 Choice of Gaussian Components 

 

The first set of experiments, which examined the effect of model size on performance. These 

experiments are conducted with MFTPC features on the CHAINS database.  Close-set 
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UBMs of sizes 32-1024 are trained and evaluated. The performance of the SR systems has 

been summarized in Table 3.2.  As observed in Table 3.2 that the overall %EER decreases 

from 12-dim to 36-dim feature vector. The DET curves for the different model orders for 

the 36-dim feature vectors are shown in Fig. 3.11. The curves show that the knee in the 

performance curve is somewhere around 256 mixtures.  The lowest % EER for 12-dim 

feature is achieved with 64 Gaussian mixtures whereas for the 24 and 36 dimensions feature 

the minimum EER is achieved with UBM of size 256.  

TABLE 3.2: Accuracy of SR system using UBMs with 32-1024 mixtures. Results are on the CHAINS 

database (EER %) 

Dim Model Order 

M=32 M=64 M=128 M=256 M=512 M=1024 

12(static) 17.09 17.0 17.85 18.10 18.77 19.11 

24(static+Δ) 13.13 12.54 12.46 12.37 12.46 12.46 

36(static+Δ+ Δ2) 12.37 11.28 11.11 10.77 11.11 11.11 

 

TABLE 3.3: % Identification rate using UBMs with 32-1024 mixtures. Results are on the CHAINS 

database 

Dim Model Order 

M=32 M=64 M=128 M=256 M=512 M=1024 

12(static) 49.16 49.41 47.05 45.20 42.26 41.16 

24(static+Δ) 63.13 63.97 64.48 64 64.48 64.48 

36(static+Δ+ Δ2) 67 68.43 69.87 69.36 69.87 69.87 

 

The performance of the speaker identification system with 32-1024 Gaussian mixtures is 

shown in Table 3.3. The overall identification rate increases with increasing the dimensions 

of features i.e. 12-dimensions to 36-dimensions. For 12-dimension features best 

identification rate is achieved with 64 Gaussian mixtures whereas for 24-dimension and 36-

dimension features optimum rate is obtained with 128 Gaussian components. Thus, instead 

of using a large model size, we use the UBM of 256 components in subsequent experiments. 
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FIGURE 3.11: DET curves for systems with 36-dim features using UBM with 32-256 mixtures. 

 

3.7.2 Results on the CHAINS and IITG-MV database 

 

Using this study, the effect of static, Δ and ΔΔ features are studied. Table 3.4 shows the 

performance of the proposed feature on the CHAINS database. As observed in Table 3.4, 

the %Identification rate and %EER are less with MFCCs than MFTPCs. Appending the first 

order deltas with static coefficients always improves accuracy, whereas adding the second- 

order deltas does not make much difference. There is no such improvement in the 

performance of MFCCs with increasing the dimensionality of feature sets from 12-

dimensions to 36 dimensions. It is observed that with a 36-dimension feature vector (i.e. 

static+Δ+ Δ2), the % EER of MFCC reduced to 0.42% as compared to static features only. 

Whereas with MFTPC, % EER with is 10.77% for 36-dim features which is 8% improved 
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than only static features. Hence with the increase in feature dimensions, the % EER reduces 

and % identification rate increases in MFTPCs. The highest possible % identification rate 

of MFTPC is 69.36% with 36-dimensions features. The same feature sets are then tested 

with the IITG-MV database to check its effectiveness. The CHAINS database was recorded 

in the sound-proof room of a professional recording studio. Hence, it is obvious that MFCC 

outperforms the MFTPC.  

 

TABLE 3.4: % Identification rate and % EER with MFCC and MFTPC static and dynamic feature 

sets on CHAINS database 

 

 

Dim 

Feature set 

MFCC MFTPC 

%Identification 
Rate 

%EER %Identification 
Rate 

%EER 

12(static) 99.75 0.67 45.20 18.10 

24(static+Δ) 100 0.51 64 12.37 

36(static+Δ+ Δ2) 100 0.42 69.36 10.77 

 

Table 3.5 shows the % identification rate and % EER with LPC, MFCC and MFTPC static 

and dynamic features on the IITG-MV database. 
 

TABLE 3.5: % Identification rate and % EER with LPC, MFCC and MFTPC static and dynamic 
features sets on IITG-MV database  

 

 

Dim 

Feature set 

LPC MFCC MFTPC 

%IR %EER %IR %EER %IR %EER 

12(static) 97.5 9.80 99.70 11 94.5 20 

24(static+Δ) 97.5 12.70 99.70 7.40 98.4 16 

36(static+Δ+ 
Δ2) 

97.4 13.20 99.80 8.60 98.7 14.70 

 

 This database was recorded in the office environment. The %identification rate of MFTPC 

is compatible with MFCC. The identification rate of 98.7% is achieved with 36- dimensions 

MFTPC features. In comparison with the results of the CHAINS database, it is observed 

from Table 3.5 that MFTPC features perform well for the IITG-MV database. %EER is 9% 

higher for 12- dimensions MFTPC features, 8.6% for 24-dim MFTPC features and 6.10% 
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for 36- dimensions MFTPC features than MFCC. However, the performance of the MFTPC 

feature set is almost similar to that of LPC features. The average difference between % EER 

with MFCC and MFTPC features is 7.9% with the IITG-MV database. For the CHAINS 

database, the average %EER rate difference is 13.17%. Hence we can conclude that MFTPC 

features contain source like information and this feature set may perform well for noisy 

database.  

 

3.7.3 Score-level fusion 

 

In this experiment, the fusion of MFCC with MFTPC is considered. We study the fusion of 

different feature set pairs by considering the features of 12- dimensions, 24- dimensions, 

and 36- dimensions and GMM with 256 Gaussian components. The generalized linear 

opinion pool method is used for score level fusion which is given as: 

𝜆   =  𝛼𝜆   + (1 − 𝛼)𝜆   , 

where 𝜆   is a score of fusion of models with MFCC and MFTPC,  

𝜆   is a score of the model with MFCC feature, and 

𝜆   is a score of the model with MFTPC feature. 

(3.41) 

The value of fusion weight 𝛼  is chosen between zero and one. Table 3.6 shows the           

%EER for a score-level fusion of MFCC with MFTPC features sets with a different values 

of 𝛼 on the IITG-MV database.  

TABLE 3.6: % EER  for score-level fusion of MFCC with MFTPC features sets  with different value 

of α on IITG-MV database 
 

MFCC Fusion Factor α MFTPC 

 (Dim.) 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 (Dim.) 

12 20 17.6 15.6 14.3 12.5 11.6 11 10.3 10.2 10.4 11 12 

24 16 13.6 11.4 9.9 9 8.1 7.7 7.2 7.2 7.1 7.4 24 

36 14.7 10.6 8.2 7.2 6.9 6.9 7.10 7.4 7.7 8.1 8.6 36 

Table 3.7 shows the MinDCF for the fusion of different sets of MFCC and MFTPC features 

with a value of 𝛼 varies from 0 to 1. It is noticed from Table 3.6  and Table 3.7 that for both 

error criteria, optimum fusion weight is 𝛼 = 0.8 and 𝛼  =0.9 for the fusion of features with 
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12- dimensions and 24- dimensions cases respectively. This gives more weightage to MFCC 

features. But for the case of 36-dim features set, the optimum fusion weight is 𝛼 = 0.4, 

suggesting that MFTPC features also contain speaker-specific information and it also 

equally important as MFCC features. By taking the fusion of 36- dimensions features sets, 

the % EER is improved by 1.7% and MinDCF is reduced by 0.014 compared to MFCC 

alone. 

TABLE 3.7: MinDCF x 100 for score-level fusion of MFCC with MFTPC features sets  with different 

value of α on IITG-MV database 
 

MFCC Fusion Factor α 
 

MFTPC 

(Dim.) 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 ( Dim.) 
12 19.77 17.39 15.44 13.67 12.36 11.5 10.8 10.26 10.02 10.26 10.6 12 

24 14.91 12.33 10.7 9.46 8.5 7.95 7.48 7.01 6.97 6.99 7.09 24 

36 13.21 9.72 7.88 6.94 6.61 6.77 6.92 7.26 7.61 8.07 8 36 

 

Both the EER and MinDCF values are displayed in Fig. 3.12 as a function of the fusion 

weight 𝛼. 

 
FIGURE 3.12: Fusing MFCC and MFTPC by linear match score weighting. Optimum points are 

indicated by circles 

From the above experiments, it is concluded that the performance of MFTPC features is 

best with 36-dimension features so for our next experiments on different sensors, 36-

dimension features are considered. 
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3.7.4 Effectiveness of MFTPC Feature set 

 

In this experiment, the speaker recognition system has been developed which builds a 

speaker’s model by adapting means of a UBM using the feature vectors of the training data. 

MFCC and MFTPC of 36-dim are used to parameterize the speech data. Table 3.8 shows 

the results obtained for the system with different features on the IITG-MV database. It is 

observed from Table 3.8 that identification rate is found 98.70% and an equal error rate of 

14.70% with the MFTPC feature set. Fig. 3.13 shows the DET plots of this experiment. 

 

TABLE 3.8: MFCC and MFTPC performance measures for IITGMV database (Recorded with 
Headset) [91] 

 
 

Feature Set %Identification 
Rate 

%EER MinDCF x 100 

MFCC 99.80 8.60 8.38 

MFTPC 98.70 14.70 13.21 

MFCC+MFTPC 99.90 6.90 6.61 

 
 

It clearly states that the MFTPC feature contains speaker-specific information. The 

performance of the MFTPC features is compared with the baseline MFCC features which 

are extracted by considering the magnitude spectrum of Fourier transform of the speech 

signal. 36-dim MFCC features are extracted by taking the first and second order derivative 

of 12-dim static features.  The identification rate of the MFTPC feature set is comparable 

with MFCC and % EER for the MFTPC feature set is high compared to MFCC alone. It can 

be seen from Table 3.8 that % EER of MFCC is 8.60.  The minimum detection cost function 

is found 8.38 and 13.21 with MFCC and MFTPC feature set respectively. The generalized 

linear opinion pool method is used for score level fusion. The value of α is chosen between 

zero and one. Different value of α is tried and it is observed that α of 0.6 gives maximum 

results. Though this value of α gives more weightage to MFCC features than MFTPC. When 

MFTPC is fused with MFCC, the EER is decreased by 2 %. At the same time, DCF is also 

reduced by 0.02. However, the fusion of MFCC and MFTPC gives improved results than 

MFCC. This shows complementary information present in MFTPC and MFCC features.  
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FIGURE 3.13: DET curves comparing results of MFCC and MFTPC features for IITG-MV database 

(Recorded with Headset) 
 

To check the effectiveness of the MFTPC feature, the same experiment is performed with 

the data set recorded with a mobile phone while other conditions are kept the same as in the 

above experiment of the IITG-MV database.  Table 3.9 and Fig. 3.14 shows the results of 

the speaker recognition system. 

TABLE 3.9: MFCC and MFTPC performance measures for IITGMV database (Recorded with 
Mobile phone) 

 

Feature Set %Identification 
Rate 

%EER MinDCF x 100 

MFCC 95.70 24.90 24.74 

MFTPC 84.70 33.40 32.77 

MFCC+MFTPC 94.70 21.40 21.04 
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FIGURE 3.14: DET curves comparing results of MFCC and MFTPC features for IITG-MV database 

(Recorded with Mobile phone) 

 

By taking the fusion of MFCC and MFTPC feature sets, the % EER is reduced by 3%. 

However, there is no improvement in the identification rate. The overall performance of the 

system with three different cases is poorer than the dataset recorded with a headset. 

 

3.7.5 Effect of Sensor Mismatch 

 

One of the most important challenges in speaker recognition systems which have been the 

focus of most research in the field is the problem of channel mismatch. In channel mismatch 

during enrolment, the audio has been gathered using one apparatus and during testing, the 

audio has been produced by a different device. 
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To study the effect of sensor mismatch on the performance of the speaker recognition 

system, other viabilities like language, speaking style, an environment of recording are kept 

the same across the training and testing of the system. 36-dimension  MFTPC features are 

considered. System performance is checked for the mismatch of a headset and mobile phone 

sensors. The best EER of 14.70 % is observed for the matched case with headset data which 

is the cleanest data among that of the considered sensors. The performances in terms of 

identification rate and EER are shown in Table 3.10. 

 

TABLE 3.10: Effect of sensor mismatch on SR performance with 36-dim MFTPC features  on 
IITGMV database 

 

 
Train-Test 
condition 

%Identification 
Rate 

%EER MinDCF x 100 

Headset-Headset 98.70 14.70 13.21 

Headset-Mobile 10.10 45.60 45.35 

Mobile-Headset 

Mobile-Mobile 

13.40 

84.70 

50 

33.40 

45.35 

23.11 

 

3.8 Summary 

 

This chapter presented a speaker recognition system developed using features derived from 

the time domain phase of the speech signal with CHAINS and IITG-MV database. Here 

speaker identification and speaker verification systems were presented. SR performances 

were measured through EER, MinDCF, and IR. Results of proposed feature MFTPCs were 

presented and compared with state-of-the-art MFCC feature to check its effectiveness. The 

MFTPC features were competitive with MFCCs and fusing these two features improved 

accuracy, indicating the importance of the time domain phase of the speech signal. 
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CHAPTER-4 

 

4 Speaking style 

 

4.1 Introduction 
 

Speech is a natural and most common way to convey information.  The speech signal is 

enriched with information. It not only conveys the message but also information of speaker, 

language, accent, emotions, gender, dialects and paralinguistic. During communication, the 

human can easily understand information such as language, mental status, dialect, and 

emotion, etc. Interestingly, humans recognize individuals by their voices with accuracy, 

especially when the subject is close acquaintances or public figures. This ability of humans 

motivated many researchers to develop an automatic speaker recognition where the 

complete analysis and decision is performed by machines. Deployment of automatic 

systems for speech coding, speech recognition, language identification, speech 

enhancement and speaker recognition in the real environment has become possible after 

development in speech and language technology. These systems are designed to work well 

when the speech is produced naturally/neutrally. The vast amount of research has been done 

for the characterization of neutrally phonated speech for speech recognition and speaker 

recognition in the last five decades, but very little work has been done to check the 

performance of the speech and speaker recognition system for the speech which is not 

phonated neutrally/naturally. This chapter is dedicated to exploring the effect of speaking 

style on  the performance of the speaker recognition system. Analysis of the speaker 

recognition system under the different speaking styles and mismatch conditions is presented 

in this chapter. The CHAINS corpus is a freely available database which provides whispered 
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and fast speech database. Whispered speech and fast speech is considered here for the 

analysis.  

 

4.2 Whispered Speaker Recognition 
 

Whisper speech is generally used quietly to convey secret information or to avoid disturbing 

others in a quiet place or avoiding being overheard e.g. sharing information like credit card 

number, bank account number or to hide the identity intentionally. So hearing of whisper 

speech is limited to the nearby listeners only. Aphonic individuals (being voiceless due to 

injury or illness), as well as those with low vocal capability, such as heavy smokers, speak 

in a whisper mode as their primary form of oral communication. The source-filter model 

states that the human speech production system can be divided into source and vocal tract 

system or filter. The source of excitation and vocal tract system contains speaker-specific 

information. Vocal folds do not vibrate in whisper speech so source excitation related 

information is not present.  The performance of speaker recognition systems trained with 

neutral (natural) speech degrades due to profound differences between neutral speech and 

whispered speech in both excitation and vocal tract function. In [92], analysis of five 

different speaking styles: whispered, soft, neutral, loud and shouted was done. The speaker 

identification system with the MFCC and LFCC (Linear Frequency Cepstral Coefficient) 

features was developed and they showed that whispered speech which has the lowest speech 

intensity degrades the performance of the speaker identification system most. 

 

4.2.1 Whisper Speech Production and Acoustic Characteristics 
 

In speech production, an obstruction is provided by the vocal folds. During the production 

of voicing, the arytenoid cartilages move toward one another. The vocal folds tense up and 

is brought close together. This partial closing of the glottis and increased fold tension cause 

self-sustained oscillation of the folds [12]. Suppose the vocal folds begin in a loose and open 

state. The contraction of the lungs first results in the air flowing through the glottis, at the 

same time tension in the vocal fold increases. This increase in the tension of the folds, 
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together with the decrease in pressure at the glottis, causes the vocal folds to close shut 

abruptly, Air pressure then builds behind the vocal folds as the lungs continue to contract, 

forcing the folds to open. The entire process repeats and the result if periodic “puffs” of air 

that enter the vocal tract. In the whispered speech, the vocal folds are closer together and 

more tense than in the breathing state, thus allowing turbulence to be generated at the folds 

themselves.  Fig. 4.1 shows vocal fold configurations for whispering and voicing. 

 

FIGURE 4.1: Sketches of various vocal fold configurations: (a) whispering (b) voicing [12] 
 

Fig. 4.2 shows the waveforms of the neutral speech and whispered speech of the sentence, 

“If it doesn’t matter who wins, why do we keep score” from the same speaker and Fig. 4.3 

shows the corresponding spectrogram. Whispered speech waveform is lower in amplitude 

and misses periodic information. Significant differences in the speech production process 

result in the acoustic characteristics differences between neutral and whispered sounds. 

Following are the differences between neutral and whispered speech:  

 Pitch is almost absent in whispered speech because there is not periodic excitation 

or harmonic structure as voiced sound. 

 Shift in lower formant frequency locations to higher frequencies in whispered speech 

[93]. 

 The duration of whisper speech is longer than neutral speech. 

 Change in the spectral slope of whispered speech [92]. 

 Whispered speech is low energy sound.  

 Power of the low-frequency band less than 1.5 kHz is smaller than that of normal 

speech [94]. 
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FIGURE 4.2: (a) Waveform of  neutral speech (b) Waveform of  whispered speech 

 

 
FIGURE 4.3: (a) Spectrogram of  neutral speech (b)  Spectrogram of  whispered speech 
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Due to these significant differences between whispered speech and neutral speech, 

traditional ASR systems degrade significantly when tested with whispered speech.   

MFCC features have been dominantly used in speech and speaker recognition as Mel-scale 

is closer to human hearing perception. Lots of research have been done for different feature-

classifier combinations. The use of linear scale instead of Mel-scale in feature extraction 

was done in the identification of changes in vocal fold efforts [95]. Use of LFCC features 

was done for infant cry detection in [96]. In this work, they reported LFCC effectively 

captures the lower as well as higher frequency characteristics than MFCC and achieved 

good performance accuracy. Different cepstral features like LFCC, MFCC, Inverted Mel-

frequency cepstral coefficients  (IMFCC) were used for lung sounds classification in [97]. 

Motivated by this literature, we have used LFCC features to extract information from 

whispered speech for speaker identification and speaker verification systems. Our objective 

is to compare the performances between LFCCs and MFCCs for whispered speech. 

 

4.2.2 Linear Frequency Cepstral Features (LFCC) 
 

The computation of LFCC is almost the same as MFCC except for the fact that here the 

filter-bank with linearly spaced triangular filters in the Hz scale is used.32-channel 

triangular linear filter-bank is shown in Fig. 4.4. Linear filter bank has better resolution in 

the higher frequency band. 

The speech signal is continuously changing signal so first the speech signal is framed and 

processed. After framing of a speech signal, the power spectrum of each frame is calculated 

by taking its DFT. The resulting power spectrum is passed through linearly spaced triangular 

subband filters and subband energy is computed.  The logarithm of subband energy is taken 

followed by DCT to correlate the energies. The final LFCC vector is obtained by remaining 

about 12-15 lowest DCT coefficients. This is known as static LFCC features for speech 

processing applications. 
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FIGURE 4.4: 32-channel triangular linear filter-bank 

The steps to extract LFCC features are shown in Fig. 4.5. 

 

FIGURE 4.5: Schematic diagram of LFCC feature extraction process 

 

4.2.3 Experimental Setup 
 

We report our results on the CHAINS whisper database. Each training utterance contains 

approximately 40 seconds of speech and test utterance contains approximately 2-3 seconds 

of speech. The database contains 144 train utterances and 1188 test utterances from 36 

speakers (18 males and 18 female). The speaker recognition system is based on an adaptive 

GMM-UBM. 12-dimensional features are extracted from 25 milliseconds of the frame with 

overlapping of 50% between frames. The MFCC and LFCC features are computed using a 

32-channel filter-bank followed by logarithmic compression and DCT. These features are 

used to develop the UBM model. Speaker specific models are adapted by adapting the mean 

of UBM to develop adaptive GMM models for 36 speakers. Each test utterance is tested 
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against 36 speaker models which gives total of 42768 trials out of which 1188 genuine trials 

and 41580 imposter trials. Both modes of SR system, i.e. speaker identification and speaker 

verification systems are developed. To measure the score of each segment against all 

training models, the log-likelihood ratio is calculated in speaker identification. The model 

is selected as an identified speaker which gives maximum score among all 36 training 

models. True score ratio and False score ratios are calculated to plot DET curve. To evaluate 

the accuracy of the system, the %EER and % Identification rate are used. 

 

4.2.4 Results and Discussion 
 

To develop the systems, 12-dimensional static MFCC and LFCC features were used to 

parameterize the speech data and given as an input to develop the speaker’s model using the 

GMM-UBM approach. In this experiment, the system is tested with the normal and 

whispered speech database for the different train-test conditions. Four different train-test 

conditions like normal-normal, normal-whisper, whisper-normal, and whisper-whisper 

were implemented to check the performance of the system. Fig. 4.6 shows the DET curves 

for all three performed experiments for matched case i.e. system is trained and tested with 

the same speech data.  Fig. 4.7 shows the DET curves for the mismatched cases.  
 

 

 

 FIGURE 4.6: DET curves for MFCC, LFCC and fusion for matched case (a) normal-normal 

(b) whisper-whisper 

(a) (b) 
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FIGURE 4.7: DET curves for MFCC, LFCC and fusion for mismatched case (a) normal-

whisper (b) whisper-normal    

From Table 4.1 it is cleared that when the system is trained and tested with the same type 

of a database, % EER is very low but when the mismatch of database is taken during training 

and testing, the performance of the system is degraded considerably.  The average %EER 

reduces form 0.59 % to 39.18% for the matched case and mismatched case respectively with 

MFCC features. The performance of the system with LFCC features is almost the same as 

MFCC features, it shows that LFCC features can be used as an alternative to state-of-the-

art MFCC features.   

TABLE 4.1: Speaker recognition performance for MFCC and LFCC based systems  

 (different train-test conditions) on CHAINS database 
 

Speech Mode %EER 

Training Testing MFCC LFCC Fusion 

Normal Normal 0.67 0.76 0.34 

Normal Whisper 38.38 45.12 38.05 

Whisper Normal 39.98 45.03 39.65 

Whisper Whisper 0.51 0.59 0.25 

 
By taking the score-level fusion of MFCC and LFCC, the improvement in the accuracy of 

the system is observed from the last column of Table 4.1. The score-level fusion done in 

this work can be given as, 

 

𝜆   =  𝛼𝜆   + (1 − 𝛼)𝜆   ,  (5.1) 

(a) (b) 
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where 𝜆   is score of fusion of models with MFCC and LFCC,  

𝜆   is the score of the model with MFCC feature, 

𝜆   is the score of the model with LFCC feature. 
 

 

The value of  α is chosen 0.6 experimentally.  It is observed that %EER for the fusion of 

MFCC and LFCC gives lesser value than individual MFCC and LFCC.  However, by taking 

fusion of these features there is no such improvement in %EER for the mismatched cases. 

 

TABLE 4.2: % Identification rate of different conditions on CHAINS database  
 

 
MFCC 

Speech 
Mode 

Fusion Factor α LFCC  

Speech 
Mode 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 

Normal-
Normal 

98.91 99.41 99.83 99.92 99.92 99.92 100 100 99.92 99.92 99.75 Normal-
Normal 

Normal-
Whisper 

9.60 9.76 9.60 8.92 8.59 7.83 6.73 5.98 5.56 5.39 5.39 Normal-
Whisper 

Whisper-
Normal 

6.82 6.14 5.56 5.98 6.48 7.58 8.16 8.50 8.59 8.59 8.33 Whisper-
Normal 

Whisper-
Whisper 

99.83 99.83 99.83 99.83 99.83 99.83 99.83 99.83 99.92 99.92 99.92 Whisper-
Whisper 

 

Table 4.2 shows the % Identification rate for the score-level fusion of MFCC with LFCC 

features sets with a different value of 𝛼  varies from 0 to 1. It is observed that by taking the 

fusion of 12-dimensional MFCC and LFCC features, it is possible to achieve the 

identification rate of 100% for normal speech data. Both features also give good accuracy 

for whispered speech data. Generally, in practice the system is trained with normal speech 

data and during testing if someone utters whispered speech, the system is not able to identify 

the system. In this case, the identification rate of the system is very low as shown in the 

second row of Table 4.2.  Among four different conditions, when the system is trained with 

normal speech and tested against whisper speech, an average reduction in the identification 

rate from 99.60% for the matched case to 7.50% for the mismatched case which is quite 

low. 

 

Thus, we conclude here that the matched speech mode performs well, and mismatch in vocal 

mode can seriously degrade the SR performance. In practice, SR systems are developed 

with normal speech and if it is tested with whispered speech, the performance of the system 

degrades. The table also shows that the test data in specific speech mode fits the GMM 
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trained by the same speech mode best. Hence it shows the inability of the SR in mismatched 

condition. 

 

4.3 Effect of Speaking Rate 
 

Variability in speaking rate affects the performance of the speaker recognition system. Fig. 

4.8 represents the waveforms of normal speech and fast speech for the same sentence 

uttered by the same speaker. The duration of fast uttered speech is shorter than uttered with 

a normal speech rate. Many acoustic properties changes with speaking rate such as duration 

of the speech, 𝐹0 range, higher-order harmonics, energy, etc. Fast speech contains shorter 

pauses between or within sentences. These changes can be observed from the spectrogram 

of normal speech and fast speech for the same sentence shown in Fig. 4.9. It is depicted 

that for the same sentence, the duration becomes short, higher-order formants are not 

present and most of the energy is concentrated in lower frequency. The duration of the train 

and test speech plays an important role in the speaker recognition [7]. The performance of 

the system will be degraded if the limited data condition is used. 

 

 

FIGURE 4.8: (a) Waveform of neutral speech (b) Waveform of fast speech 
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FIGURE 4.9: (a) Spectrogram of  neutral speech (b) Spectrogram of fast speech 

 

In this experiment, the performance of the speaker recognition system is evaluated with 

normal and fast speech. The system is trained with 12-dimensional static MFCC features. 

Four different train-test conditions like normal-normal, normal-fast, fast-normal and fast-

fast are considered to evaluate the performance of the system. It is cleared from Table 4.3 

and Fig. 4.10 that when the system is trained with fast speech and tested against normal 

speech, the identification rate is 27.69% and EER is 24.33% which is quite poor compared 

to the same training and testing condition. 

TABLE 4.3: % Identification rate and % EER for different train-test conditions on CHAINS 
database (Normal-Fast) [98] 

Training 

Speech 

Testing 

Speech 

% Identification    
Rate 

%EER DCF x 
100 

Normal Normal 99.75 0.67 0.61 

Normal Fast 25.34 23.15 22.65 

Fast Normal 27.69 24.33 23.32 

Fast Fast 100 0.42 0.34 
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FIGURE 4.10: DET curves for CHAINS normal-fast database for different train-test conditions 

4.4 Summary 

 

In this chapter, we presented speaker recognition performance for whispered and fast speech 

using MFCC and LFCC features as front-end on the state-of-the-art GMM-UBM back-end 

systems using the CHAINS database. The performance of both the features was compared 

here. LFCC is as robust as MFCC for the matched case of training and testing speech data 

i.e normal and whispered speech. For the mismatched case of training and testing speech, 

MFCC outperforms LFCC. By taking the fusion of MFCC and LFCC, %EER is reduced 

further for the matched case. However, fusion of both features didn’t perform well for the 

mismatched case than MFCC alone. The effect of speaking rate on the performance of 

speaker recognition was also reported in this chapter. Thus, it can be concluded from the 

result that the speaker recognition system performs well when trained and tested with the 

same speech data and the same speaking rate. Accuracy of the system is very low when 

there is a mismatch in training and testing conditions.  Hence the system is not able to 

recognize a speaker in mismatched conditions.  
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CHAPTER-5 

 

5 Prosodic Speaker Recognition System 

 

5.1 Introduction 
 

The goal of this study is to find prosodic parameters that can be used in an automatic text-

independent speaker recognition system. This chapter explores fundamental frequency (𝐹0), 

energy and its various dynamics  as excitation source features for speaker recognition. The 

dynamics of fundamental frequency and energy trajectories are modeled with GMM-UBM 

for each speaker. These features do not contribute to the SR task on its own. Therefore, these 

features are fused with the short term cepstral features discussed in Chapter 3. A 

combination of prosodic features and cepstral features enhances the performance of the SR 

system.  

 

5.2 Prosody 
 

In linguistics, the prosody of speech is defined as the suprasegmental properties of the 

speech. Long-time variations: i.e., changes extending over more than one phoneme, in pitch 

(intonation), energy (loudness) and timing(rhythm) is referred to as the rules of the prosody 

of a language. Prosody may reflect various features of the speaker or utterance: the 

emotional state of the speaker; the form of the utterance (declarative, question or command). 

The first usage of prosody where direct use of prosody was inevitable is Text-to-Speech 

(TTS) systems. Prosody usage in speech technology is not a new idea and various attempts 

were realized in history. Prosody is used for language recognition, detection of the 



Prosody 

79 
 

emotional state of speaker, prosody-based speaker recognition/verification and speech 

recognition tasks. Prosody is considered as the perceptual properties of speech.  These 

attributes of speech are generally used by human beings regularly. Prosodic features that 

have been mostly used are mainly the fundamental frequency (𝐹0) or pitch, energy, formant 

frequencies, duration, speech rate etc.  

 
5.2.1 Fundamental Frequency 

In the production of speech, three speech organs (the lungs, larynx, and vocal tract) play the 

key role. The larynx modulates airflow from the lungs and provides either a periodic or 

noisy airflow to the vocal tract. The vocal tract consists of oral, nasal, and pharynx cavities, 

giving the modulated airflow it’s spectral coloring, the variation of air pressure at the lips 

results in a traveling sound wave that the listener perceives as speech.  The speech sounds 

could be categorized into voiced and unvoiced sounds. During the production of voiced 

sounds, the vocal cords vibrate and produce glottal pulse whereas, during unvoiced sounds, 

the vocal cords do not vibrate and stay open. The time interval during which the vocal folds 

are closed and no flow occurs is referred to as the glottal closed phase; the time interval over 

which there is nonzero flow and up to the maximum of the airflow velocity is referred to as 

the glottal open phase, and the time interval from the maximum airflow to the glottal closure 

is referred to as the return phase. 

 

FIGURE 5.1: Illustration of prosodic glottal airflow velocity [12] 
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The time duration of one glottal cycle is referred to as the pitch period as shown in Fig. 5.1 

and the reciprocal of the pitch period is referred to as the fundamental frequency or pitch 

frequency. Pitch frequency is the fundamental frequency of vibrations of the vocal cords. 

The frequency generated by the vocal cords in the form of periodic pulse passes via the 

vocal tract filter and gets convolved with the impulse response of the filter to produce a 

speech signal.  Pitch is an important attribute of voiced speech. It contains good speaker-

specific information not only between male and female speakers but also between speakers 

of the same-sex. 𝐹0 is not or less affected by noise and channel specificities than energy 

and spectral coefficients.   It is also needed for speech coding tasks. Thus estimation of pitch 

is one of the important issues in speech processing. The number of pitch periods changes 

with numerous factors such as speaking rate, stress, vocal fold muscle tension, the vocal 

fold mass and the air pressure behind the lugs. The pitch range is about 60 Hz to 400 Hz. 

Pitch for the typical adult male is 85 Hz to 185 Hz and for the typical adult female is 165 

Hz to 255 Hz. Typically, males have longer and more massive vocal folds than female so 

they take more time to open and close which increase the pitch period and hence decreases 

the pitch frequency.  Children have shorter and less massive vocal folds so having high pitch 

frequency [99].  

 

The speech signal is not exactly a periodic signal but a short segment of speech signals 

exhibits a quasi-periodic nature. Hence the speech utterance has time-varying 𝐹0 contour 

instead of having a particular value of 𝐹0. Various time domain and frequency domain 

approaches are available for computing 𝐹0  contour. Autocorrelation methods and the 

Average Magnitude Difference Function (AMDF) are termed as the time-domain 

approaches, the spectrum similarity, spectral autocorrelation, harmonic peak detection, and 

Cepstral domain methods are frequency domain approaches. Depending on the specific 

application, various performance criteria such as accuracy in estimating pitch period, 

accuracy in making a voiced-unvoiced decision, speed, robustness, precision, complexity, 

ease and the cost of hardware implementation to be considered [100]. 

 

5.2.2 Energy 

 

Energy gives information on the loudness of speech and is the most common source of 

information to differentiate speakers. Voiced speech has a higher energy level than unvoiced 
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speech. Prosodic features measuring the loudness of speech are usually directly obtained 

from the signal energy [101].  The use of energy and its variant have been widely used for 

speech emotion detection [102][103], language identification [104], and speaker recognition 

[105]. The short-time energy of the speech signal can be either extracted directly from the 

time signal or equivalently from its squared magnitude spectrum.  

The energy of a discrete-time signal 𝑥[𝑛]  is given as  

E =  ∑ |𝑥[𝑛]|   (5.1) 
 

As the speech signal is time-varying in nature, such a quantity gives little information about 

the time-dependent properties of the speech signal. Hence, the time-varying energy is more 

useful than the total energy of the speech signal.  So for calculating the energy of a small 

segment of the speech signal, first the speech waveform is windowed with an analysis 

window. The energy computed over a short time interval is called short time energy (STE) 

[106].  The short-time energy of a discrete-time signal 𝑥[𝑛] is given as  

 

𝐸 =  ∑ |𝑥[𝑚]𝑤[𝑛 − 𝑚]|   (5.2) 
 

 

where 𝑤[𝑚] is the analysis window. 

The human hearing process follows the logarithmic scale so before any further processing, 

the raw energy values are first transformed to the logarithmic domain to compress their 

dynamic range. Next maximum value of energy over the whole utterance is calculated 

followed with normalization of energy values by subtracting the maximum value. This step 

makes the loudness measure less dependent on channel effects or the amplification of the 

signal.  

 
5.2.3 Duration 

 

The timing and duration of various speech parts form the rhythm/duration of prosody.  

Features of durations include ratios of voiced, unvoiced and silent segments. These features 

are usually derived during voicing analysis performed to determine the pitch. Variations in 

syllable length can also be used as a duration feature. Prosodic features are not confined to 

small segments of speech but cover longer time-spans. To determine the fundamental units 
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to model the suprasegmental character of speech prosody, higher-levels of speech 

representation derived from a phone recognizer is required. Even a full Automatic Speech 

Recognition  is required for it.   

 

5.3 Prosodic Features 

 

The prosody of a speech signal gives important information about the speaking style of a 

person. Dynamics of  𝐹0 contour is affected by many parameters such as speaking style of 

a speaker, type of a sentence, intonation rules of the language, etc. The 𝐹0 contour and 

energy contour can be different for different speakers.  Fig. 5.2 shows the pitch and energy 

contour of two female speakers uttering the same sentence. 

 

 
FIGURE 5.2: Pitch and Energy Contour of two female speakers uttering same sentence 

 
As shown in Fig.5.2, the pitch contour, and energy contour is different for two female 
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speakers even when they utter the same sentence. The box in Fig. 5.2 indicates the variation 

in pitch contour. It is also depicted from the Fig.5.2 that the energy level of two speakers is 

different. The presence of speaker-specific characteristics in pitch and energy contour can 

be used to recognize a speaker. Prosodic features attempt to capture variation in pitch, 

energy, and duration. 

 

5.3.1 Pitch and Energy Contour Extraction 

 

The prosodic features contain the evaluation of pitch and energy contour. A speech signal 

consists of different frequencies that are harmonically related to each other in the form of a 

series. The lowest frequency of this harmonics is known as the fundamental frequency or 

pitch frequency (𝐹0 ). Varieties of methods available such as autocorrelation, average 

magnitude difference function, etc. for finding the pitch period.  𝐹0 estimation algorithm 

comprises of three steps. 

1.  Pre-processing 

2. Estimation of 𝐹0 candidates 

3. Post-processing or selection of best 𝐹0 candidate 

The pre-processing step removes the interfering signal such as extraneous noise, vocal-tract 

filter influences, DC offset, etc.  from the audio signal. The estimation of 𝐹0 candidates 

itself is mostly performed directly on the time signal using correlations within the signal as 

a traditional source of period candidates. Robust Algorithm for Pitch Tracking (RAPT) 

algorithm is the widely used pitch tracking algorithm [107]. This algorithm is based on the 

Normalized Cross-Correlation Function (NCCF). The NCCF overcomes all of the 

shortcomings of the other pitch tracking algorithm at a slight increase in computational 

complexity. The output of a pitch tracker is a continuous 𝐹0 contour. The blue line in Fig. 

5.3 shows pitch values estimated every 10ms for a whole utterance with the RAPT 

algorithm. For pitch tracking, the voicebox toolbox is used. 
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FIGURE 5.3: Speech signal and its pitch contour 

For energy contour, STE is calculated every 10ms for a whole utterance using (5.2). Energy 

values are converted to a logarithmic scale to compress its dynamic range. In [104], authors 

considered log pitch and log energy values which are normalized further for language 

identification. In ASR, no normalization of pitch is required, since the absolute value 

contains information about the speaker. 

 

5.3.2 Segmentation of Pitch and Energy Contour  

                   

After extracting pitch and energy contour for all the speech utterances, every speech 

utterance is divided into segments and coefficients describing the pitch and energy contour 

are extracted for each segment. In [105], various approaches for segmentation of speech 

signal into long-temporal units, starting from most complex to the simplest one were 

proposed. Segmentation based on syllables detected using an automatic speech recognizer 
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system was found to perform the best whereas the performance of the simplest way of fixed-

length segmentation was second best. To avoid the complexity of an automatic speech 

recognizer, we experimented with fixed-length segmentation. In this segmentation 

approach, pitch and energy contours are modeled over a fix-size window. In this approach, 

window size that corresponds to an estimated average syllable length is used and highly 

overlapping windows are used. The signal is split into a segment of 200 ms with a shift of 

50 ms.  Compared to the segment length of 300 ms proposed in [105], our segment length 

is close to the average syllable length of 120 ms. Thus highly correlated and redundant 

features are generated which will be useful to develop the GMM model. This is the same as 

extracting the MFCC feature with a fix and overlapping window which allows us to obtain 

more training examples. The number of a voiced frame in each segment is considered as a 

duration feature. 

 

5.3.3 Contour Modeling 

 

Extracted pitch and energy should be represented in the fixed-size suprasegmental unit so 

we can feed them as a prosodic feature to a statistical unit such as GMM. Temporal 

trajectories of pitch and energy were approximated by Discrete Cosine Transform (DCT) 

in [108]. The leading coefficients were considered. The same approach is used in our 

experiments. For that, we apply a Discrete Cosine Transform (DCT) to extracted pitch and 

energy values derived for each suprasegmental unit. Six leading coefficients are 

considered. 

 

5.3.4 Final Feature Vector 

 

Finally, 13-dimensional feature vectors for each syllable-like unit are constructed by 

augmenting six features of the pitch, six features of the energy and the number of voiced 

frames in the segment which is a discrete number. Thus our feature represents intonation, 

rhythm, and stress. These features are given as input to develop the speaker’s model using 

GMM-UBM. Hereafter, we will label this feature set as PED (Pitch-Energy-Duration) 
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features. 

We can summarize the steps to extract the prosodic features as below. 

 

• Compute pitch and energy contour of the entire speech segment. 

• Transform the energy to the logarithmic domain. 

• Represent the contour of pitch and energy in a fixed-size suprasegmental unit. 

• Take DCT of pitch and energy contour of each segment. 

•  If a number of voiced frames is less than the DCT coefficient, drop the segment. 

• Construct final feature vector of 2𝑛 + 1  dimensional by augmenting first 𝑛 

coefficients of the pitch,  𝑛 coefficients of energy and number of voiced frames in 

the segment as a duration feature. 

 

5.4 Experimental Results 

 

In this section, different experiments for the speaker identification system and speaker 

verification system using prosodic features such as pitch, log-energy and speech rate are 

presented. The whole duration of speech utterances is considered for pitch and energy 

contour extraction. As a back-end, we use the GMM-UBM framework. Gender independent 

UBM with 256 Gaussian components are obtained with EM training. These experiments are 

evaluated for closed-set speaker recognition on the CHAINS database. Results are reported 

in % ID, %EER and DCFx100.   

 

5.4.1 Pitch, Energy and Duration Features 

 

For the first experiment, pitch and energy contours are modeled by 6 leading DCT 

coefficients. The feature vector also comprises the duration feature which represents the 

number of voiced frames in the segment. Results for the different classification of the feature 

vectors are represented in Table 5.1 and the corresponding DET curves are shown in Fig. 

5.4.  
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It is observed from the table that a combination of pitch, energy and duration features is 

most beneficial to use. These results are highlighted in the table. By considering these 13- 

dimensional features, the % EER is 17.26 %which is 2% less than 12-dimensional features. 

 

TABLE 5.1: Different prosodic features with 6 coefficients per contour on CHAINS database 

 

Feature Vector Dim % Identification Rate %EER MinDCF x 100 

Pitch 6 22.90 23.57 23.11 

Pitch + Duration 7 23.99 25.42 24.91 

Pitch + Energy 12 37.54 19.11 18.87 

Pitch + Energy +Duration 13 39.06 17.26 16.99 

 

The identification rate is also increased by 2% which shows that pitch, energy and duration 

features are equally important. However, by considering 7-dimensional pitch and duration 

features, performance of speaker verification system is degraded than 6-dimensional pitch 

only features. Thus, the 13-dimensional feature vector can be considered. 

 

FIGURE 5.4: DET curves for systems with  different prosodic features  
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5.4.2 Contour Modeling with DCT Coefficients 

 
Next, to observe the effect of the degree of smoothing of the real pitch and energy contours 

due to the use of only 𝑛  leading DCT coefficients is investigated in this section. DCT 

coefficients are varied from 4 to 7. It is observed from Table 5.2 that using four DCT 

coefficients to model the pitch and energy contours seems to be adequate. It is noted that 

modeling finer details is not beneficial. Slight degradation in the identification rate is 

observed by increasing the resolution to 6 DCT coefficients. % EER with 6 coefficients is 

the smallest among all. Fig. 5.5 represents the DET curves for the systems with prosodic 

features where pitch and energy contours are modeled with 4-6 DCT coefficients. 

TABLE 5.2: % IR, %EER and MinDCF x 100 for pitch and energy contour are modeled with 
different number of DCT coefficients 

 

#  of DCT Coefficients % Identification Rate %EER MinDCF x 100 

4 41.84 17.42 17.34 

5 37.12 18.35 17.78 

6 39.06 17.26 16.99 

7 33.33 19.78 19.37 

 
 

FIGURE 5.5: DET curves for systems with prosodic features with 4-6 DCT coefficients  
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5.4.3 Fusion with the Cepstral Features 

 
The score-level fusion of prosodic features with MFCC features is shown in Table 5.3. The 

speaker recognition system was developed using the IITG-MV database to check the 

effectiveness of a proposed feature set on a different database. Here, PED of 13-dimensional 

and MFCC (12 static +Δ+ΔΔ) of 36-dimensional considered. The optimum value of the 

fusion factor was chosen experimentally. It was observed that % IR and % EER of PED 

feature when used alone, did not give improve results than MFCC. However, fusion with 

system based future, the %EER decreased further. Hence a combination of source-based 

feature and system-based feature, decreases the % EER, indicating source-based features 

capture complementary information.  

TABLE 5.3: Results of PED features on IITG-MV database 

 

Feature %Identification 
Rate 

%EER DCF x 100 

MFCC 99.80 8.60 8.38 

PED 88.80 19.5 17.63 

MFCC+PED 99.90 5.20 4.85 

 

DET curves for all three performed experiment is shown in Fig. 5.6. It can be seen from the 

graph as well as from Table 5.3 that % EER of MFCC is 8.60%, whereas fusion gives %EER 

of 5.20% which is 3.40% lesser than MFCC alone. This shows the effectiveness of the 

proposed feature. Minimum DCF values are also reported and that also gives results 

specifying the more efficiency of fused features. 

 

5.5 Comparison of Features 
 

Table 5.4 represents the performance of various features on the IITG-MV database for 

comparison of proposed features.   
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FIGURE 5.6: DET curves for systems with MFCC and prosodic features  

 

TABLE 5.4: Experimental Results on IITG-MV database 

 

Feature %Identification 
Rate 

%EER DCF x 100 

LPC 97.4 13.20 13.14 

MFCC 99.80 8.60 8.38 

MFCC+LPC 99 7.60 7.39 

MFTPC 98.70 14.70 13.21 

MFCC+MFTPC 99.90 6.90 6.61 

PED 88.80 19.5 17.63 

MFCC+PED 99.90 5.20 4.85 
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It is observed from the results that the MFCC+ MFTPC feature set gives a relatively 7% 

decrease and the MFCC+PED feature set gives an 8% decrease in % EER than standard 

LPC features. Even the fusion of MFCC with the LPC features gives % EER of 7.60% which 

is 0.7% and 2.4% higher than the fusion of MFTPC with MFCC and PED with MFCC 

respectively. It is evident that when the score level fusion of MFCC feature with LPC 

feature, the identification rate is 99% which is lower than that of fusion of MFTPC features 

with MFCC features and PED features with MFCC features. This comparison shows the 

effectiveness of the proposed features. 

 

5.6 Summary 
 

In this chapter, the focus is set on the implementation of the SR system with prosodic 

features. Here, we proposed the method to derive the prosodic features from the speech 

signal. The method to extract prosodic features is very simple which does not require 

complex phone recognizer or syllables detection using an automatic speech recognition 

system. The performance of the proposed feature set is also compared with the state-of-the-

art MFCC feature set. Even though the low-dimensionality of the prosodic features, the 

feature set is giving good accuracy. A combination of MFCC and prosodic feature sets 

further improves the performance than MFCC alone.  
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CHAPTER-6 

 

6 Conclusions and Scope of Future Work 

 
6.1 Conclusions 
 

 The main objective of this research work is to develop an efficient feature set that will 

improve the performance of the speaker recognition system. The second objective is to 

explore different aspects of the speaker recognition system that affect its performance. A 

close look at the thesis work reveals the following concluding remarks.  

 First, to develop a state-of-the-art ASR system, parametric analysis to choose a 

number of Gaussian mixture components is carried out and found the optimum 

number of components. From the result, it appears that the knee in the performance 

curve is observed for the 256 mixtures. The baseline system is developed with 

MFCC and LPC features. Feature-level fusion i.e. augmenting the dynamic features 

with the static features and score-level fusion is done. Accuracy of the system is 

increased with increasing the dimensionality of the features. 

 Feature set based on MFCC of temporal phase named Mel frequency Temporal 

Phase Coefficients (MFTPC) is developed using the temporal phase of the speech 

signal. The score-level fusion of MFTPC with MFCC gives even more efficiency 

than MFCC alone as well as better than PED features. The efficiency of the proposed 

feature set is tested on the CHAINS and IITG-MV database. The %EER is decreased 

consistently with the increase in dynamic information i.e. augmenting Δ and ΔΔ 

features with static features. 

 Whispered speaker recognition system with MFCC and LFCC features are 

implemented using the GMM-UBM approach. The system is analyzed with a 
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mismatch of speaking style. The performance of the system is excellent with the 

matched case but significant degradation is observed with mismatch condition. 

LFCC features can be considered as an alternative to state-of-the-art MFCC features. 

 The effect of speaking rate on speaker recognition system is tested. CHAINS fast 

speech database is used. The system is developed with 12-dimensional MFCC static 

features. %EER of the system trained and tested with fast speech is 0.42% whereas 

with the normal speech is 0.67%. The identification rate is 100% with fast speech 

data. The system behaves more accurately with fast speech. When the system is 

trained with normal speech and tested with fast speech is worst in all four cases.  

From this work, it is concluded that when the system performance is evaluated with 

the same training and testing condition, the performance is excellent.  

 Experiments on exploring the mismatch of training and testing conditions like a 

mismatch of sensors and speaking style are derived and observed significant 

degradation in the performance of system than the matched conditions. Even the 

MFCC features couldn’t perform well for channel mismatch condition. Hence, 

research can be further directed to develop countermeasures that can handle the 

channel variability to a larger extent.   

  Speaker verification and identification systems with prosodic features of the speech 

signals are implemented. A simple method to extract prosodic features is proposed 

here which doesn’t require automatic speech recognizer for the segmentation of 

speech. Even though having low dimensionality of feature set, these features giving 

good accuracy.  However, the performance of speaker recognition based on prosodic 

features is not comparable to the MFCC feature. A combination of MFCC and PED 

features significantly improves the performance of speaker identification and 

speaker verification system both. 

 Finally, the comparison of proposed features set MFTPC and PED is done with the 

standard features such as MFCC and LPC. Fusion of MFCC and MFTPC features 

gives 0.70% improved EER than fusion of MFCC and LPC features. Fusion of 

MFCC and PED features gives 2.40% lower EER than fusion of MFCC and LPC 

features. It proves the effectiveness of proposed features. 

 In short, efforts are put up to analyze, design and develop an efficient speaker 

recognition system. 
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6.2 Scope of Future Work 
 

In the area of the ASR system, the exploration is continuously existing and it is dynamic. 

There is yet, a long way to end with the design of a robust ASR system that can handle all 

challenges and can be used in practice. Based on the literature review and work presented 

for the speaker recognition system, there are some recommendations and potential research 

directions that extend this work as the scope of future work. The suggestions for future 

research are given as per the following: 

As an extension of this work, it is suggested that 

 Robustness of the proposed feature sets should be tested with different databases, 

with different signal degradation conditions like background noise at different SNRs 

and observe how the various noise affects the performance of the system. 

 It is highly unlikely in the practice that train and test speech will be of the same 

recording conditions. There might be variations in the recording devices, 

surroundings, speaking style, speaking rate, speaking language, etc. More analysis 

needs to be done for such mismatch conditions and better features can be proposed 

to mitigate these problems.  

 Proposed features can also be used for other speech communication applications like 

language identification, emotion recognition, and speech enhancement, etc. 

 Explore the multilingual aspects of the speaker recognition system on the IITG-MV 

database. 

 Build a system with a generative classifier based on i-Vectors or Deep Neural 

Network which may further improve the performance. 
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