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1 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. Performance and 

effectiveness of the derived 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. The effect of 

different speech recording device during training and testing is also explored.  

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. 

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.  

 

2 Brief description on the state of the art of the research topic 

2.1 Introduction 

 Speaker-recognition systems have come out as important means to identity/ verify a person in 

many applications like forensic, law enforcement, phone banking, voice dialling, data base access 

service. It is a biometric system which can be used remotely unlike other biometrics systems (e.g. 

finger prints, irises, facial features). Research work has been carried out in this field since last five 
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decades but still it is challenging to develop an efficient speaker recognition system which can be 

used in practice. Speaker recognition system can be classified as (1) Text-independent speaker 

recognition system (2) Text-dependent speaker recognition system [1]. In text independent system, 

recognition phrases are not known, speakers are considered non co-operative and it is much more 

challenging of the two tasks. In text-dependent system, the phrases used in testing are subset of the 

ones used in training phase, the users are considered co-operative and easier compared to text-

independent system. Speaker recognition consists of two alternative tasks: speaker identification and 

verification. Speaker identification is a priory identity claim in which the system decides who the 

speaker is or whether the speaker is unknown to the system. On the other hand, speaker verification 

is the process of accepting or rejecting the identity of a claimed speaker. 

 Speaker recognition mainly consists of following steps: 

1) Extraction of features which includes speaker specific information 

2) Develop a model for each speaker  

3) Calculate score 

4) Make a decision  

2.2 Feature Extraction 

Feature extraction is the first and key building block of speaker recognition system. Feature 

extraction is the process of deriving sequence of feature vectors from the raw signal in which unique 

information of speaker information are accented [2]. Various features are proposed and categorized 

mainly in four 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-speaker’s characteristic vocabulary is used to 

characterize the speaker. Among all the features MFCC is the most widely used feature for speaker 

recognition. The speech signal is non-stationary, and therefore needs to be broken into frames of 30-

40 ms duration to extract short-term spectral features. In this interval, speech signal is assumed to be 

stationary. Feature vector of spectral representation is extracted from each frame. The most 

commonly used feature MFCC (Mel Frequency Cepstral Coefficients) are extracted with the filter 

banks approach [3]. These features were introduced in 1980s for speech recognition and then 

adopted for speaker recognition.  Another feature based on linear prediction of speech signal was 

developed in [4].  Linear predictor estimates the next sample by having knowledge of past samples 



5 
 

where redundancy between successive samples is explored. It has good intuitive estimation in both 

time and frequency domain. The predictor coefficients were used as robust and less correlated 

feature such as LPCCs (Linear Predictive Cestral Co-efficient) and LSF (Line Spectral Frequencies) 

[5]. However, the features derived from vocal source information are also important for speaker 

recognition. It can be seen from the literature that voice source features are not as discriminative as 

spectral features but the fusion of these two features improves the efficiency of speaker recognition 

task [6]. System features depend only on magnitude spectrum of speech signal and phase 

information is neglected. Many methods for the extraction of features based on phase of speech 

signal have been reported in [7- 17]. Features derived from direct computation of Fourier phase 

suffers from phase warping problem so attempts were made to eliminate the phase warping problem 

by taking differential of phase, known as group delay function in speaker recognition [10]. Further, 

modified group delay based features were used in [11]. Apart from Fourier phase, features based on 

analytic phase, derivative of analytic phase were reported in [15-17]. Prosodic characteristics like 

stress, rhythm and intonation of speech conveys some important information regarding the identity 

of spoken language and speaker.  Evaluation for speaker recognition systems has shown that the use 

of prosodic information, to enhance the acoustic state-of-the-art systems has become very popular. 

Prosodic features are simple in structures, and used effectively in language identification tasks [18].  

It was reported in many papers [19-21] that prosodic features provide information of speaking style 

of a speaker and can be used for speaker recognition.  

2.3 Feature Matching 

Feature vectors extracted from the speaker’s training utterance are used to generate speaker 

specific model which is stored into the system and used during testing phase of the system. Vector 

Quantization (VQ) model [22] is one of the simplest text-independent models also known as centroid 

model. It is mainly used for data compression and computational speed-up techniques. Another 

stochastic modelling method is Gaussian Mixture Model (GMM) introduced by Reynolds in 1995 

[23] which has become the de facto reference model in speaker recognition. A GMM is mainly 

composed of multivariate Gaussian components which are characterized by probability density 

function. In order to adapt the acoustic models to new operating conditions due to different speakers, 

environments, speaking styles, a new approach of speaker-independent world model or Universal 

Background Model (UBM) was proposed in [24]. The UBM model is first trained with the EM 

algorithm and during enrolling a new speaker to the system; the parameters of the background model 
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are adapted to the feature distribution of the new speaker. This approach is known as Gaussian 

Mixture Model–Universal Background Model (GMM-UBM). Another most popular stochastic 

model is Hidden Markov Model (HMM) [25] used for text-dependent recognition. GMM and VQ 

are generative models which estimate the feature distribution within each speaker. In contrast, the 

discriminative models such as Artificial Neural Networks (ANNs) [26] and Support Vector 

Machines (SVMs) [27] model the boundary between speakers. 

A recent technique based on generative modelling, that is GMM with factor analysis (FA) 

was proposed by Kenny in 2006 [28]. This modelling technique is mainly used to remove the 

channel variability issue and reduce the intersession variability from the speech signal. This is based 

on super-vector approach which leads to an efficient modelling technique called i-vector based 

modelling. Due to its effectiveness, this is considered as state-of-the-art modelling technique and 

used in many system development approaches. 

3 Definition of the problem 

The aim of this research study is to find the effective features that will improve the 

performance of the speaker recognition system, reduce the equal error rate of speaker verification 

system, and give higher identification rate of speaker identification system. From the deep literature 

review the facts have been identified that the feature extraction is the important building block of 

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

the most efficient spectral feature MFCC, only magnitude spectrum is considered and the phase 

information is neglected. In this work feature derived from temporal phase is proposed and system 

efficiency is checked on 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 

speaker recognition system. Furthermore, the performance of the system degrades if different 

speaking style is utilised in training and testing phase of speaker recognition system. Effect of 

whisper, fast and normal speaking style on performance of speaker recognition system is analysed 

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



7 
 

4 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. 

5 Original contributions by the thesis 

This thesis proposes extracting features from speech signal for speaker recognition using 

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

compared with the MFCC features. It is also evident from the result that score level fusion of 

MFTPC and MFCC features gives better result which shows temporal phase based feature contains 

complementary information to MFCC features. The performance of the system with whispered and 

fast speech data have been analyzed and observed the effect of mismatch of speaking style in 

training and testing of the system. The speaker recognition system with prosodic features has been 

implemented. Comparative analysis of the system with different features has been carried out to 

show the effectiveness of MFTPC features. 
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6 Methodology of research, results and comparisons 

6.1 Methodology of research 

 In this research study, the qualitative and exploratory approaches have been used and 

followed the research methodology steps critically.  Various research papers, journals and other 

articles on speaker recognition system have been referred during the first phase of literature review. 

Present research work has been carried out using simulation techniques. During initial phase of 

literature survey it is observed that various researchers have carried out extensive work on speaker 

recognition system but still there is a space for finding effective feature that may perform well. First 

the baseline speaker recognition system was implemented with MFCC, first and second derivative of 

MFCC, and LPC features. In the initial phase of the research, CHAINS database was used which is 

free database. This database contains different speaking style like whisper, fast and solo (normal). 

Speaker verification and identification performance evaluation is conducted on CHAINS whisper, 

solo(normal) and fast speech database and resultant error rate degradation is observed for different 

train-test conditions like solo-solo, solo-whisper, whisper-solo, whisper-whisper, solo-fast, fast-solo 

and fast-fast. 

Second phase of literature review was mainly focused on extracting efficient feature from speech 

signal.  It is focused on variant of system features, source features and prosodic features.  By 

studying and analysing various approaches, the temporal phase based features is derived.  The main 

problem in doing research in speech processing area is the availability of competent data base.  IITG 

multi-variability (MV) speech database has been purchased from IIT, Guwahati. Form these database 

100 train utterances of two minutes duration and 1000 test segments of speech length 40 seconds are 

derived using Audacity software.  The system is implemented with prosodic features. Finally, 

concluding remarks are made and the research substances are documented. 

6.2 Proposed features 

 MFCC of Temporal phase (MFTPC) features 

The steps required to extract proposed Mel Frequency Temporal Phase Coefficient (MFTPC) 

features is shown using a block diagram in Fig. 1.   
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FIGURE 1: Block diagram of MFTPC feature extraction 
 

Temporal phase is derived by taking Fourier transform of speech signal where it is considered that 

speech is non stationary in nature [13]. 

𝑋 𝑒 = 𝑥[𝑛]𝑒  
(1) 

The time domain phase is derived by taking inverse Fourier transform of magnitude suppressed from 

X(ejw). 

𝑦[𝑛] = 𝐹
𝑋 𝑒

|𝑋(𝑒 )|
 

(2) 

y[n] is the time domain phase. Above equation is valid only when 𝑋 𝑒 ≠ 0. 

To extract MFTPC feature, speech signal is divided into frame of 25ms duration with the 

overlapping of 10ms. Speech is non stationary signal and due to overlapping of frames there is no 

loss of information.  Time domain phase of each frame is calculated using eq. (2). In the next step, 

the mel frequency cepstral coefficient of temporal phase is calculated. This is considered as a 

MFTPC feature vector. First 12 coefficients are considered. A 36-dimensional MFTPC is extracted 

by concatenating delta and delta-delta MFTPC to 12 dimensional static MFTPC.  

 

FIGURE 2: (a) Speech signal, (b) one frame of speech signal, (c) MFTPC of one frame  
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Fig. 2 shows the MFTPC of one frame. Here the speech signal has sampling frequency of 

8000Hz. Fig. 2(b) and Fig.2(c) shows one frame of speech signal and its MFTPC feature 

respectively. 

 Prosodic Features 

Prosody of a speech signal gives important information about 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. As shown in Fig. 3, the pitch contour and energy contour is 

different for two female speakers even when they utter the same sentence. The presence of 

speaker specific characteristics in pitch and energy contour can be used to recognize a speaker. 

Following are the steps to extract prosodic features. 

• 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 dimensional by augmenting first 𝑛 coefficients of 

the pitch, coefficients of energy and number of voiced frames in the segment as a duration 

feature. 

 

 
 

FIGURE 3: Pitch and Energy Contour of two different speakers uttering same sentence    
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6.3 Simulation Results 

 
A speaker recognition system is built using adaptive GMM-UBM approach with CHAINS and 

IITG-MV database. System efficiency and performance are measured with standard performance 

parameters such as % identification rate (IR), % equal error rate (EER) and detection cost function 

(DCF). Performance of various proposed feature, i.e. MFTPC, prosodic features are measured with 

all defined and standard performance measures. 

 Experimental results on different speaking style 

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 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. 5 shows the DET curves for the mismatched cases.  

 

FIGURE 0 : DET curves for MFCC, LFCC and fusion for matched case (a) normal-normal (b) whisper-

whisper 
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FIGURE 5: DET curves for MFCC, LFCC and fusion for mismatched case (a) normal-whisper (b) 

whisper-normal    

From Table 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 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 

 
Table 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 
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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 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. 

TABLE 1: % 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 

 

In second 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 3 and Fig. 6 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 3: % Identification rate and % EER for different Train-Test conditions on CHAINS database 
(Normal-Fast) 

 
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 6: DET curve for CHAINS normal-fast database for different train-test conditions 

 Experimental results for MFTPC feature set 

In this experiment, 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 

dimensions are used to parameterize the speech data. Table 4 shows the results obtained for the 

system with different features for IITG-MV database. It is observed from table 4 that identification 

rate is found to be 98.70% and equal error rate of 14.70% with MFTPC feature set. It clearly states 

that MFTPC feature contains speaker specific information. The performance of the MFTPC features 

is compared with the baseline MFCC features which are extracted by considering magnitude of 

Fourier transform of speech signal. 36 dimensional MFCC features are extracted by taking first and 

second derivative of 12 dimensional static features.  Identification rate of MFTPC feature set is 

comparable with MFCC and EER for MFTPC feature set is high compared to MFCC alone. It can be 

seen from Table 4 that % EER of MFCC is 8.60.  Minimum detection cost function is found to be 
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0.0838 and 0.1321 with MFCC and MFTPC feature set respectively. The generalized linear opinion 

pool method is used for score level fusion which can be given as  

𝜆   =  𝛼𝜆   + (1 − 𝛼)𝜆    

Where 𝜆   is score of fusion of models with MFCC and MFTPC,  

𝜆   is score of model with MFCC feature,  

𝜆   is score of model with MFTPC feature,  

 

(3) 

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, fusion of MFCC and MFTPC gives improved result than MFCC. 

This shows complementary information present in MFTPC and MFCC features.  

TABLE 4.  MFCC and MFTPC performance measures for IITGMV database 
(Recorded with    Headset) 

 
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 
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FIGURE 7: DET curve comparing results of MFCC and MFTPC features for IITG-MV database                

(Recorded with Headset) 
  

To check the effectiveness of MFTPC feature, same experiment is performed with the data set 

recorded with mobile phone while other conditions are kept same as in above experiment of IITG-

MV database.  Table 5 and Fig. 8 show the results of the speaker recognition system. 

TABLE 5.  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 8: DET curve comparing results of MFCC and MFTPC features for IITG-MV database 
(Recorded with Mobile phone) 
 

 Experimental results on sensor mismatch 

Sensor mismatch is one of the main challenges in the area of speaker identification and verification. 

To study the effect of sensor mismatch on the performance of the speaker recognition system, other 

viabilities like language, speaking style, environment of recording are kept same across the training 

and testing of the system. System performance is checked for mismatch of 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 6. 
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TABLE 6. Effect of Sensor mismatch on SR performance 

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 

 

 Experimental results for Prosodic feature set 

In this experiment, speaker recognition system is built with GMM-UBM approach. 13 dimensional 

prosodic features are extracted by following the steps mentioned in section 6.2. 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.  

DET curves for all three performed experiment is shown in Fig. 9. It can be seen from the graph as 

well as from Table 7 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.  

TABLE 7: 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 
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FIGURE 9:   DET curves for systems with MFCC and prosodic features 

 

 Experimental results on comparison of various feature set 

Table 8 represents the performance of various features on the IITG-MV database for 

comparison of proposed features.  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. 
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TABLE 8: 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 

 

7 Achievements with respect to objectives 

The outcome of the proposed speaker recognition system shows that the objectives of the 

research work have been acquired. The performance of the speaker recognition system is analyzed 

and compared with state of the art feature set. Speaker recognitions works presented here shows 

importance of phase of the Fourier transforms which is neglected in most versatile spectral feature 

MFCC. From the result obtained in this experiment exhibits the effectiveness of MFTPC feature 

which captures speaker information which is complementary to MFCC.  The effectiveness of 

MFTPC feature is compared with system built using prosodic features. Performance analysis of 

speaker recognition system with mismatch of training and testing speaking style has been carried out 

and the effect of sensor mismatch has been observed too. 

8  Conclusion 

The main objective of this research work is to develop an efficient feature set that will 

improve the performance of the speaker recognition system. Second objective is to explore different 

aspects of speaker recognition system that affect its performance. The following points summarize 

the work done in this research study. 

 Whispered speech and Fast speech speaker recognition systems with MFCC and LFCC 

features are implemented using GMM-UBM approach. Systems are analyzed with mismatch 

of speaking style. From this work, it is concluded that when the system performance is 

evaluated with same database, the performance is excellent. 
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  Feature set based on MFCC of temporal phase named Mel frequency Temporal Phase 

Coefficients (MFTPC) is developed using temporal phase of speech signal. The fusion of 

MFTPC along with MFCC gives even more efficiency than MFCC alone.  

 Speaker verification and identification systems with prosodic features of speech signal are 

implemented. However, the performance of speaker recognition based on prosodic features is 

not comparable to MFCC feature. A combination of MFCC and PED features significantly 

improves the performance of speaker identification and speaker verification system both. 

 Experiments on exploring the mismatch of training and testing conditions like mismatch of 

sensor and speaking style are derived and observed significant degradation in the 

performance of system than the matched condition. 

 In short, efforts are put up to analyze, design and develop an efficient speaker recognition 

system. 
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